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ABSTRACT

THREE ESSAYS ON WATER, POLLUTION, AND ENERGY ECONOMICS

This dissertation contains three chapters related to the economics of Water, Pollution, and En-
ergy. In Chapter one we investigate how the demand for water responds to conservation efforts
based on social comparisons, specifically if the message a household receives affects the way it
responds. Using ex post power tests, we demonstrate the need for a significant increase in sample
size to apply causal identification strategies to identify heterogeneous impacts using Randomized
Controlled Trials (RCTs) that are not specifically designed to identify such effects. Alternatively,
RCTs could be designed specifically to identify heterogeneous treatment effects. In Chapter 2
we quantitatively test how household electricity use in rural Rwanda responds to electricity reli-
ability. We examine technology adoption, technology disadoption, and the quantity of electricity
purchased. For each model, we focus on the association between the decisions being made and the
reliability of the electricity service, which is either experienced or observed depending on whether
the household has adopted the electricity technology. We find that poor electricity reliability is
a barrier to initial technology adoption and is associated with short-term disadoption decisions,
but does not lead to permanent disadoption. The data suggest that households are short-sighted
and that households can learn from peers’ experiences with the service. Our research suggests
that poor electricity reliability can limit willingness to pay for electrification in rural areas of the
developing world, where electricity access is lagging behind development goals. In Chapter 3 we
study the effects of pollution on crime by looking at the association between pollution, specifically
at Particulate Matter (PM) and Ozone (O3), and counts of aggregated crime types and Anti-social
Behaviour (ASB) in the UK. We primarily focus our analysis on ASB, as the literature has identi-
fied costs associated with them in the UK, but has overlooked its association with pollution. Using

a fixed effects model, we find an association between pollution and some crime types, especially

il



those that are economically motivated. We find weaker evidence of an association between pollu-
tion and offenses associated with aggressive and violent behavior (including ASB), and we discuss
potential mechanisms in the context of the rational choice crime model. We conclude that one
potential mechanism could be a decrease in the utility of the non-punishable alternative activity, or

a decrease of the offender’s value of the future costs associated with being caught.

il



ACKNOWLEDGEMENTS

Throughout the writing of this dissertation I have received a great deal of support and assis-
tance. I would first like to thank my supervisor, Dr. Dale Manning, for offering me his time and his
knowledge but fundamentally his patience, and my co-advisor Dr. Jesse Burkhardt, for his time,
his knowledge and for the emotional support when I most needed it. I would also like to thank the
rest of my committee, Dr. Jordan Suter and Dr. Jana Anderson, and Dr. Chris Goemans, our great
Graduate Coordinator. It is also important to me to acknowledge my colleagues and friends in the
program: together we built a community that made us better.

Last but not least, I would like to thank my family. To my wife Jimena, without whom this
journey would have never happened. Jimena, you are always there for me. To my parents Mario
and Gabriela and my siblings Leandro and Juliana, their wise counsel, their support, their example
and their love were key to this and to any achievement I’ve had in my life.

A special mention to my dog Minga and her furry friends Copper, Charlie and Olive, who were

there with me making the long days bearable.

v



TABLE OF CONTENTS

ABSTRACT . . . . . e

ACKNOWLEDGEMENTS . . . . . . e

LISTOF TABLES . . . . . . e e e e e

LISTOF FIGURES . . . . . . e e e
Chapter 1 Social Comparison and Residential Water Use: Evidence from a Randomized

Controlled Trial . . . . . . . . . . ..

1.1 Introduction . . . . ...

1.2 Experiment and Hypotheses . . . . . . . ... ... ... .........

1.2.1 Experimental Design and Context . . . . . . . ... .. ... .....

1.2.2 Data . . . . . ..

1.3 Methodology and Results . . . . . ... .. .. ... ... ...,

1.3.1 Test of Hypothesis 1: Average Treatment Effect . . . . . ... ... ..

1.3.2 Test of Hypothesis 2: Heterogeneous Treatment Effects . . . . . . . ..

1.3.3 Test of Hypothesis 3: Categorization Effect . . . . ... ... .. ...

1.4 Ex Post Power of the Test Analysis . . . . . ... ... ... .......

1.4.1 Ex Post Power Simulation with Monte Carlo Resampling . . . . . . . .

1.4.2 Ex Post Power Simulation from Posterior Marginal Distributions . . . .

1.4.3 Results of the Power Analysis . . . . . ... ... ... .........

1.5 Conclusions and Discussions . . . . . . . . . ... ... oL
Chapter 2 Learning Through Experience: The Impact of Technology Reliability on

Adoptionand Use . . . . . . . . . ... L

2.1 Introduction . . . . . ...

2.2 Empirical Contextand Data . . . . . ... ... ... ...........

2.2.1 Context . . . . . . . e

2.3 Model of Experience, Learning, and Technology Adoption . . . . . . . ..

2.3.1 Learningmodels . . . . . . .. .. ... . oL

2.4 Econometric Specifications . . . . . . . ... ... L.

24.1 Extensive Margin: Technology Adoption and Disadoption . . . . . . . .

2.4.2 Extensive Margin: Reconnection Decisions . . . . . .. ... ... ..

2.4.3 Identification Assumptions . . . . . . . . .. ...

2.5 Results . . . . . . .

25.1 Technology Adoption . . . . . . ... ... ... ... ... ...

2.5.2 Probability of Disadoption . . . . . ... .. ... ... ... ....

2.5.3 Time to Re-purchase Electricity (Reconnection) . . . . . .. ... ...

254 Amount Purchased . . . .. ... ... oo

255 Results Summary . . . . .. ... ... oL

2.6 Conclusions and Discussion . . . . . . . .. .. .. ... ... ...



Chapter 3 The Effect of Pollution on Crime and Anti-Social Behavior in the United

Kingdom . . . . . . . . . 70

3.1 Introduction . . . . ... 70
3.2 Theoretical Model . . . . . . ... ... ... 73
33 Data. . . . . . . . e 75
3.3.1 Crimeand ASB . . . . . . . .. . . 75
332 Pollution . . . . . . . . . . . 78
333 Weather . . . . . . . .. 80
334 Demographics . . . . . . . ... 80
3.35 Summary statistics . . . . ... ... 82
34 Identification Strategy and Empirical Specification . . . . . . . ... . .. 82
35 Results . . . . . . o 86
3.5.1 Averageeffects . . . . . ... 86
352 Heterogeneous Effects . . . . . . ... ... ... ... ... ... ... 91
3.6 Conclusions and Discussion . . . . . ... ... ... .. ... ... .. 93
BIBLIOGRAPHY . . . . . . e 104
APPENDIX . . . . e 105
A Bayesian Learning . . . . . . ... .. ... 105
A.l Testable hypothesis . . . . . . . .. ... .. ... ... ........ 105

B Extensive Margin: Technology Adoption and Disadoption Robustness . . . 106
C Survey ... 107
D Heterogeneous Impacts of Pollution on Crime . . . . . .. ... ... .. 109

vi



1.1
1.2
1.3
1.4
1.5

1.6
1.7
1.8
1.9
1.10
1.11

1.12
1.13

2.1
22
2.3
24
2.5
2.6
2.7
2.8
29
2.10
2.11
2.12
2.13
2.14
2.15
2.16
2.17

3.1
32
33
34
3.5
3.6
3.7

LIST OF TABLES

Pre and Post Treatment Consumption . . . . . . . . . . ... .. .. ... ... .. 8
Difference-in-differences . . . . . . . . . ... L Lo 10
Summary Statistics Conditional on the Assigned Waterscore . . . . .. ... ... .. 11
Primary Results . . . . . . . ... .. 13
Average consumption by assigned water score and by colder and warmer months of

theyear . . . . . . . . e 15
Regression Discontinuity . . . . . . . . . . . . ... 19
Difference in Difference in Difference . . . . . . ... ... ... ... ... .... 22
Time Variant Category . . . . . . . . . . . e 24
Fuzzy Regression Discontinuity . . . . . . . . . . ... .. ... . ... 26
Difference in Difference in Difference . . . . . . .. ... .. ... ... ... .... 27
Ex Post Power Simulation with Monte Carlo Resampling for RD between "Great" and

"Good" .. 30
Ex Post Power Simulation from Posterior Marginal Distributions . . . . . . . . .. .. 31
Determinants of Power . . . . . . .. .. Lo 31
Summary Statistics . . . . . ... e e e e e 44
Modelling Blackout Rate . . . . . . . .. .. ... 55
Modelling Uncharged households . . . . . . . ... ... ... .. ... ....... 56
Probability of Adoption . . . . . . . ... 57
Probability of Adoption - Linearmodel . . . . . .. ... .. ... ... ... ... 57
Probability of Adoption - Bayesian Learning first testable hypothesis . . . . . . . . .. 58
Probability of Adoption - Bayesian Learning second testable hypothesis . . . . . . .. 59
Probability of Disadoption - Logit Models . . . . . . .. .. ... ... ........ 60
Probability of Disadoption - Linear Models . . . . . ... ... ... .. ....... 60
Probability of Disadoption - Bayesian Learning first testable hypothesis . . . . . . . . 61
Probability of Disadoption - Bayesian Learning second testable hypothesis . . . . . . . 62
Time to Reconnection . . . . . . . . . .. ..o 62
Time to Reconnection - Controlling for the number of waiting periods . . . . . . . .. 63
Time to Reconnection - Bayesian Learning 1st hypothesis . . . . . . . ... ... ... 64
Time to Reconnection - Bayesian Learning 2nd hypothesis . . . . . . . ... ... .. 64
Amount Purchased . . . . . ... oL L 65
Amount Purchased - Bayesian Learning 1st and 2nd hypotheses . . . . . . .. .. .. 66
Mechanism favored by each possibleresult . . . . . ... ... ... ... ... 74
Crime Types reporting across time. . . . . . . . .« . o v v v v v vt e e e 76
Summary Statistics - Distance to Pollution Stations . . . . . . ... ... .. ..... 79
Summary Statistics . . . . . . ... e 82
Summary Statistics - AQlcounts . . . . . . ... 83
Regression Results . . . . . . . . . . . . 86
Regression results - Non-linear . . . . . . ... .. ... ... .. ........... 88

vii



3.8
39
Al
A2
A3

Regression results (AQI Health Concern Cut-offs) . . . . . . ... ... ... ..... 90

Regression Results - Heterogeneous Impacts . . . . . . .. .. .. ... ... ... .. 92
Probability of Adoption - Robustness . . . . . . . . .. .. . L L oo 106
Probability of Disadoption - Robustness . . . . . . ... ... ... ... ....... 107
Regression Results Non-linear - Heterogeneous Impacts . . . . . ... .. ... ... 109

viii



1.1
1.2
1.3

2.1
22
23
24
2.5
2.6

3.1
3.2
33
34
3.5

3.6

LIST OF FIGURES

Example of awaterscore. . . . . . . . . . ... e 6
Example of conservation tips. . . . . . . . . . ... 6
Quantile Regression: Treatment effects are percentages . . . . . . . .. ... ... .. 15
MeshPower Sites . . . . . . . . . L 38
MeshPower Solar Panels in Base Station. Credit: meshpower.coxw . . . . . . . .. .. 39
MeshPower Cables Distributing DC Electricity. Credit: meshpower.coorw . . . . . . . 40
MeshPower DC Home Station. Credit: meshpower.corw . . . . . ... ... ... .. 40
Distribution of the Number of Days to Repurchase Electricity Days . . . . . . ... .. 42
Number of connected households and blackout rates for the five biggest sites across time 53
Map of Police Agencies. . . . . . . . . ... 75
Average percentage difference with the first release as a countis updated . . . . . . . . 77
Police Agencies, Local Authority Districts (LADs) and Pollution Stations Map . . . . 78
Location of Weather Stations Acrossthe UK . . . . . . ... ... ... ... .. ... 81
Point estimates and 50% (thicker line) and 95% (thinner line) CIs for the coefficients

associated AQI as alinear variable . . . . . . ... ... ... ... .......... 87
Point estimates and 50% (thicker line) and 95% (thinner line) CIs for the coefficients

associated with AQI quantiles. Numbers show the range of AQIs in the 2nd, 3rd and
dthquantile . . . . . . . L L 89

X



Chapter 1
Social Comparison and Residential Water Use:

Evidence from a Randomized Controlled Trial

1.1 Introduction

As providers of natural resources and energy face increasing scarcity, interest in incentiviz-
ing consumer-level conservation has surged. Because of political and legal constraints, such as
cost-recovery pricing and equity concerns, many firms and utilities find it difficult to use pricing
policies as the sole mechanism for promoting conservation. Instead, utilities typically use a portfo-
lio approach to manage demand, increasingly relying on non-pecuniary interventions to influence
behavior. For example, many utilities across the U.S. are now distributing Home Water and En-
ergy Reports (HWERS) to their customers, providing information on how to conserve electricity
and water along with a comparison of resource use relative to others.

Previous studies in residential electricity show that receiving HWERS reduces electricity con-
sumption amongst treated households by 2% to 6% [Allcott, 2011,0, Allcott and Kessler, 2019,
Ferraro and Price, 2013, Henry et al., 2019, Jessoe et al., 2017]. In the context of water use, pre-
vious research has shown that HWERSs can reduce consumption by as much as 7% [Brent et al.,
2015, Torres and Carlsson, 2018]. Furthermore, some studies have shown that effects appear to
persist over time, with no reduction in effect after two years of continual treatment [Allcott, 2011,
Brent et al., 2015], while others show declining effects over time [Ferraro and Price, 2013]. All-
cott and Rogers [2014] expand on this idea and find that effects become more persistent as the
intervention continues over time and Jessoe et al. [2017] demonstrate that treatment effects can
spillover beyond the targeted sector. However, the mechanisms behind these results remain un-
clear. One hypothesis is that households simply respond to being provided information, or to the

knowledge that their consumption is being monitored. A competing hypothesis is that households



respond to social comparison, either to the injunctive message (e.g., being categorized as "Great",
"Good", or "Take Action" relative to one’s peers, what we define as the "categorization effect")
or to the knowledge that they are using more or less electricity or water than their neighbors. In
other words, it remains unclear whether observed treatment effects in HWER studies are due to
increased awareness of water use (e.g., simply receiving a letter in the mail or receiving it with
the household consumption relative to the peers consumption) or due to the injunctive (normative)
message associated with their consumption. Moreover, because water use monitoring is typically
limited to monthly water bills, we do not know whether households are conserving indoor water,
outdoor water, or both.

There have been attempts in the literature to test the mechanisms explaining the observed re-
ductions. Using quasi-experimental data derived from a randomized controlled trial (RCT), Allcott
[2011] finds no significant effect of the message received. Ferraro et al. [2011] show that receiving
a social comparison along with conservation tips and a personally addressed letter has a larger ef-
fect than only receiving tips and a personal letter. This provides evidence that a social comparison
incentivizes conservation, but it does not reveal the impact of the message received. Understand-
ing the mechanism through which HWERSs reduce consumption would inform policy makers and
utility managers on how to better craft non-price interventions to maximize conservation in a cost
effective way. If categories do play a role in how households react to the HWER, they can be
designed to induce larger reductions. If categories do not play a role and the response is to in-
formation provision, utilities could save money by simply providing households with conservation
tips. Likewise, if water conservation is occurring primarily in the growing season as a consequence
of reduced outdoor water use, utilities will need to develop alternative strategies to reduce indoor
water use during the non-growing season.

To study the heterogeneous effect of normative messages on conservation, it is key to separate
the effect of the normative message from the degree of high usage, as high users are more likely
to receive strong normative messages. To study the heterogeneous responses to HWERs, Brent

et al. [2020] used an experiment in which the normative message was not a function of the usage in



absolute terms but in relative terms. In other words, the message was a function of the household’s
percent change and its position in the distribution of the percent changes of similar households in
the same cohort. This way, their experimental design decouples the type of message a household
receives from their pre-treatment consumption. With this design, Brent et al. [2020] show that the
normative message is a major driver of customer response.

In this paper, we investigate whether the observed treatment effect of HWERSs is driven by
a "categorization" effect and whether households are conserving indoor or outdoor water. First,
we test whether households respond more the HWERSs during the growing season or non-growing
season. Second, we test whether households respond differently to HWERs based on receiving a

nn

message that they are in the categories of "great," "good," or should "take action" when compared
to similar households. To do so, we evaluate two years of a RCT of a Home Water Report (HWR)
administered by a relatively large city in the Western US. We begin by estimating the Average
Treatment Effect (ATE) using a difference-in-differences method, assessing the overall success of
the non-pecuniary intervention. We then use quantile regression to examine the heterogeneous
relationship between the response to the treatment and the quantiles of consumption. Finally, we
evaluate whether being classified in different normative categories has an effect on the response
to the treatment. To do so, we employ a regression discontinuity approach as in Allcott [2011], a
triple differences approach, and a new approach which we call "Time Variant Categorization", to
determine if households respond differently to receiving different normative messages.

Consistent with previous literature [Allcott, 2011,0, Allcott and Kessler, 2019, Brent et al.,
2015, Delmas et al., 2013, Ferraro and Price, 2013, Ferraro et al., 2011, Henry et al., 2019, Jessoe
et al., 2017, Torres and Carlsson, 2018], we find an ATE of —2.4%. Based on the quantiles of
consumption, we find that treatment effects are negative for all quantiles and significant across the
entire consumption distribution, except for those consumers at the very top or at the very bottom
of the distribution. Consistent with Allcott [2011], we find that the categorization effect is not

significant but we perform ex post power analyses that reveal low power when applying common

econometric techniques within the RCT designed to estimate average effects. We also provide



evidence that most of the reduction in consumption happens during the growing season, consistent
with findings from previous research, such as Ferraro and Price [2013] and Mini et al. [2015].
These latter results suggest that much of the treatment effect is occurring in outdoor water use,
and HWERs might be incentivizing households to make larger capital intensive investments in
xeriscaping.

Our results confirm the success of HWERSs in decreasing resource consumption, both on aver-
age and across a wide spectrum of users. However, we fail to produce evidence that the message
received impacts responses to the treatment. This suggests that future research designs are still re-
quired to understand the behavioral mechanisms through which social comparisons affect resource
use.

This work contributes to two key literatures. First, it builds on a growing literature that mea-
sures the experimental effects of behavioral interventions in resource economics. Previous studies
have shown that Home Energy Reports (HERs) decrease mean electricity use [Allcott, 2011,0,
Allcott and Kessler, 2019, Ferraro et al., 2011, Henry et al., 2019, Jessoe et al., 2017] and HWRs
decrease water consumption [Brent et al., 2015, Ferraro and Price, 2013, Torres and Carlsson,
2018]. However, some studies have found no significant treatment effects given certain conditions:
Burkhardt et al. [2019c¢] could not find evidence of a reduction in electricity consumption during
peak hours on hot summer days in Austin, Texas, while Myers and Souza [2020] did not find ev-
idence of a reduction in electricity consumption in university dorms, where residents do not pay
for the service. Furthermore, Delmas et al. [2013] review the literature on the effect of information
strategies on energy conservation, including social comparisons, concluding that strategies based
on social comparisons are, on average, more effective than the rest of the information provision
strategies aiming to lower consumption. Our paper provides further evidence of the success of
HWRs to decrease consumption.

Second, this paper builds on the literature on RCTs. RCTs have gained more traction in eco-
nomics research, especially in the development field, where the work of Abhijit Banerjee, Esther

Duflo and Michael Kremer received the 2019 Nobel Prize in Economics for using experiments



to assess policies to reduce poverty. Even when some researchers argue that evidence from ran-
domized experiments have no special priority [Deaton, 2010], most researchers agree that random-
ized experiments are more reliable for identifying causal effects [Banerjee et al., 2016, Freedman,
2006]. The theoretical foundation for using randomization as a means to identify causal effects
began when Fisher [1925] proposed that, to ensure no observable characteristics of the units are
reflected in the assignment, units should be allocated randomly to different treatment groups. This
way, differences between treatment and control units should reflect the impact of the treatment.
As economic research has increasingly relied on RCTs to study causal effects, this has been spe-
cially true to assess the effect of non-pecuniary interventions. Furthermore, Arimura et al. [2016]
demonstrate the importance of controlling for simultaneity, common unobserved characteristics,
and nonrandom group formation when identifying the effect of social norms on individual behav-
ior. Otherwise one may overestimate the influence of social norms on individual environmental
behavior. Our work shows the limits of using experimental data to answer a question when the
experiment was not originally designed for it. Palm-Forster et al. [2019] identified underpowered
designs and multiple hypothesis testing as key challenges when assessing agri-environmental pro-
grams, and they emphasised the need for a more detailed planning during the experimental design,
including a power analysis. In this work, we empirically show that the power of the test for het-
erogeneous effects is extremely low given the relatively small sample collected as a result of the

power needed to estimate average effects.

1.2 Experiment and Hypotheses

1.2.1 Experimental Design and Context
In this study, we evaluate an RCT that began in September 2014, and for which we observe two
years of data, ending in September 2016.! For the experiment, 7,000 households were randomly

chosen for the treatment group and 4,000 households for the control group. Households in the

I'The Utility implemented the RCT and allowed us to evaluate the results. Due to a data sharing agreement, we are not
allowed to disclose the study location.



treatment group received a Home Water Report (HWR) every two months, starting at the beginning
of the experiment. During our sample period, households in the treatment group received 12 HWRs
(two treatment years). On the other hand, households in the control group did not receive HWRs.
HWRs include a water score, a comparison to other similar households, and conservation tips
specially crafted for each household type, or cohort, described below. Figure 1.1 is an example of

the Water Score received by a household while Figure 1.2 is an example of the conservation tips.

Your WaterScore

Hi, Salvador! Thanks for

leaming more about your Salvador Bloom
vt 123 Main Street

Everytown, USA
Yourhausehold uses 181
gallons of water per day.

Take Action

- —r R

Go online and explors ways you can lake sction.

&

Visit viww.ebmud.commy water
Registration Code: GACTTE

Efficient
Households

7 You
{ 24
P
-
-

Figure 1.1: Example of a water score.

3 Suggestions For You

"o Bl. A

Stop a Leaking Toilet Seasonal Irrigation Tune-up Choose Plants Wisely

Did you know a slent toilet leak could wasta  Check for
up to 7,000 galions of water per montn?

Whenyour chaosing naw plorts, chooss
anEs that recure aloW amount of Water.

. gunnmrs that aran popping up

= Shrubs biocking your pap-up nozzies
e R L A L e e B e e s
mintes Eled. f you see color i the bow), = Sprinklers that are spraying sidewaks Maintenance and wss waler, famizers and
m:mnk has a leak - most lkely fromawom = Puncturadhoses orleaky vaives. pestickdes. in addtion, water-wise plants are

gl vake. Legks can wasts fgall d ht-tok
sach moenth, With your 8.200 sq. . yard, you can save
about 11,000 galons per year

Check today. It's quick, easy, Don't wait. Check today! For help, visit our online
and can save you a bundle. gardening resources.

Figure 1.2: Example of conservation tips.

To provide households with water scores, each household was assigned to a cohort of similar
houses. Each cohort is fixed across time and was defined by the household’s number of occupants,
the size of the irrigable area, and the type of residence (e.g., single family home or multi-unit). For
each cohort-month, the 52nd and the 20th percentiles of consumption were calculated. Each house-

hold’s consumption was then compared to the 52nd and 20th percentiles of the cohort’s consump-



tion and the household was given a water score based on their relative consumption. For example,
if the household’s consumption was less than the cohort-specific 20th percentile of consumption,
the utility assigned a water score of 1 and provided the message "Great". If the household’s con-
sumption was greater than the cohort-specific 20th percentile of consumption but less than the
52nd percentile, the utility assigned a water score of 2 and provided the message "Good". Finally,
if the household’s consumption was greater than the cohort-specific 52nd percentile of consump-
tion, the utility assigned a water score of 3 and provided the message "Take Action". Messages
are calculated every month, but treated households observe water scores once every two months
(one is calculated but not observed). Unfortunately, the utility did not keep data on the cohort
composition, which means that even though we observe the 20th percentile and the median (50th
percentile) consumption for each cohort, it is not possible for us to back out the 52nd percentile of
consumption. In other words, we do not observe the cutoff between water scores 2 and 3. Based
on this limitation, we primarily focus our analysis of a "categorization effect" on the distinction
between "Great" and "Good", but we explore several methods for identifying a "categorization
effect”" between the "Good" and "Take Action" cohorts.

The experimental design allows us to test three main hypotheses. Our first hypothesis is that
receiving a new HWR every two months reduces water consumption among the treated houses
relative to the control houses on average. If true, then the results would suggest that households
in our study respond to social comparison, information provision, or both. Furthermore, we test
if the reduction in water consumption happens mostly during the summer, as has been found in
other contexts Kenney et al. [2008]. Our second hypothesis is that more efficient households, or
households that use less water than similar households in their cohort during the pre-treatment
period, respond less to the treatment than households that use more water than similar households
in their cohort during the pre-treatment period. Allcott [2011] showed this was true in the context
of residential energy conservation. Finally, we hypothesize that the treatment message matters,

meaning that households that receive a "Take Action" message will respond more than households



that receive a "Good" message and those that receive a "Good" message will respond more than

those that receive a "Great" message.

1.2.2 Data

Our primary data consists of monthly water consumption in gallons per day.> We also observe
each household’s cohort’s 20th percentile and median consumption and their designated water

score. Pre- and post-treatment summary statistics are as shown in Table 1.1.°

Table 1.1: Pre and Post Treatment Consumption

Statistic N Mean  St. Dev. Min Pctl(25) Pctl(75) Max

Pre-treatment consumption (gpd) 79,208 290.585 236.630 2 135.4 372 4,179
Post-treatment consumption (gpd) 237,624 271.434 258.159 1.515 115.714 332 5,180

Notes: The pre-treatment consumption we observe is from January 2014 to August 2014, while the post-treatment
consumption is from September 2014 to September 2016.

An RCT is built on the assumption that, in the absence of a treatment, both treatment and
control groups would have followed the same trend [Angrist and Pischke, 2008, Deaton and
Cartwright, 2017, Ferraro and Hanauer, 2014]. Therefore, our primary identification assumption is
based on the treatment and the control groups being random samples from the same population (in
this case, the universe of residential households in the municipality for which water is provided).
While we assume this assumption was originally true, some households opted out of the experi-
ment or were removed from it because they moved, resulting in 3,713 households in the treatment
group and 6,441 in the control group. Our data do not include information about those households
that left, which could be a source of selection bias if households that opted out have characteristics

that influence how they would respond to the treatment. Furthermore, we flagged 90 households

The utility reports total consumption over the billing cycle. As billing cycles are different across customers, we
normalize consumption by dividing the billing cycle water use by the number of days in the cycle.

3The pre-treatment period is January 2014 to August 2014 and the post-treatment period is September 2014 to Septem-
ber 2016.



in the control group and 163 households in the treatment group as having non-valid consumption
values (0Os, negative values or extremely large values), which were not included in the analysis.

To test the validity of the parallel trends assumption after attrition and cleaning, we first com-
pare sample pre-treatment means and standard deviations across the treatment and control groups
(e.g., 291.45 gpd for the control group and 290.09 gpd for the treated group). The results of these
tests are as shown in Table 1.2. For the two sided t-test for differences in pre-treatement means, the
calculated p-value is 0.43. Thus, we fail to reject the null hypothesis that the mean pre-treatment
consumption of the treatment and control groups are equal. For the two sided F-test for standard
deviations, the p-value is 0.64, so we also failed to reject the null hypothesis that the ratio of
pre-treatment standard deviations for treatment and control is equal to 1.

To further test the parallel trends assumption, we use local county assessor data (which we
do not identify to protect the identity of the utility) to compare the characteristics of the house-
holds in the treatment and control groups. If we look at house types, 98.05% of the houses in the
control group and 98.18% in the treatment group are Single Family Residential, while the rest of
the samples are a mixture of mostly "Patio Home Single Family Residential", "Townhouses" and
"Townhouse - 1/2 Duplex". Looking at a more detailed description, 39.37% of the houses in the
control group and 40.22% in the treatment group are houses with two stories, 33.91% of the houses
in the control group and 33.49% in the treatment group are ranches, 16.18% of the houses in the
control group and 16.48% in the treatment group are "split level" houses, and 6.58% of the houses
in the control group and 6.04% in the treatment group are "bi-Level two stories" houses. The mean
square footage (std. errors in parenthesis) is 1,774.3 (542) for houses in the control group and
1,792.2 (540) in the treatment group. The mean lot size in square foot (std. errors in parenthesis)
are 9,162 (5,064) and 9,348 (23,689) for control and treatment groups respectively. If we leave an
outlier in the control group out of this test (1,756,115 square foot), in the control group, the mean
square footage (and standard error) for the treatment group are 9,039 (4,701).

Having shown that means and standard deviations of consumption cannot be proven to be sta-

tistically different for treatment and control groups, and that the characteristics of the households



are similar across both groups, we have no evidence to suggest that the groups were not the result
of random sampling. These findings provide evidence in favor of the assumption of parallel trends,
which is the same as assuming orthogonality of the treatment to other potentially confounding
factors affecting the water consumption, such as household size. As the expected value of the
differences between the means of all other variables affecting both groups is then zero, before pre-
senting our more complete model for average treatment effect we start the analysis by performing
a simple difference-in-differences means test to determine if there are statistically significant re-
sponses to the treatment. To do so, we compare the difference in treated and control consumption
after treatment relative to before treatment. The results are reported in the bottom right quadrant

of Table 1.2. We find a statistically significant reduction of 6.74 gallons per day.

Table 1.2: Difference-in-differences

(D () 3)
GROUPS  Pre-treatment Post-treatment Difference
(8 months) (24 months)

Control 291.45 276.57 14.88
(1.43) (0.90) (1.70)
Treatment 290.09 268.47 21.62
(1.04) (0.65) (1.22)
Difference 1.36 8.10 -6.74
(1.77) (1.11) (2.09)

Notes: Values are means by group. Standard deviations in parentheses. Units are gallons per day.

Across the sample, the distribution of the observed normative categories is as expected given
the percentiles used for the cutoffs: we observe 45,632 "Great" messages (16.7%), 96,814 "Good"
messages (35.4%) and 131,023 "Take Action" messages (47.9%). On the other hand, the mean
consumption for those who receive a "Great" in a given month was 93 gallons per day, 191 gallons
per day for those who received a "Good" and 428 gallons per day for those who received a "Take
Action". Summary statistics are as shown in Table 1.3.

The mean number of occupants in the household is quite similar across messages, with averages

of 3.05, 2.94 and 2.79 for the groups receiving a "Great", "Good" and "Take Action" messages

10



Table 1.3: Summary Statistics Conditional on the Assigned Waterscore

Statistic N Mean St. Dev. Min  Pctl(25) Pctl(75) Max
Consumption if "Great" (gpd) 44,086 92.853 49.024 1515 63.548 107.143 400.323
Consumption if "Good" (gpd) 94,969 191.175 112.377 30.938 115.667 237.097 910.323

Consumption if "Take Action" (gpd) 128,272 427.846 310.274 58.065 202.188 569.667 5,180.000

Notes: The pre-treatment consumption we observe is from January 2014 to August 2014, while the post-treatment
consumption is from September 2014 to September 2016.
respectively. Furthermore, the size of the irrigable area is also very similar across households
receiving different normative messages. About 50% of the houses that received any normative
message have a "Large Outdoor Area", about 40% have a "Medium Outdoor Area", about 5% have
a "Small Outdoor Area", and finally about 5% have a "Extra Large Outdoor Area". As the number
of occupants and the size of the irrigable area define the cohort that a household belongs to, this

balance across messages is expected.

1.3 Methodology and Results

The methodology and results are presented in three sections. First we estimate the Average
Treatment Effect and the summer versus non-summer treatment effect. Second, we estimate het-
erogeneous treatment effects based on pre-treatment consumption patterns. Finally, we explore

several specifications to test for the existence of a categorization effect.

1.3.1 Test of Hypothesis 1: Average Treatment Effect

To estimate the average treatment effect, we use a difference-in-differences model as follows:
log(gpd)i = 1P + BT + 7L, Py + fimy + Ui + €it, (L.1)

where log(gpd);; is the logarithm of household i’s water consumption in month ¢, 7} is a treatment
indicator equal to O for the control group and 1 for the treatment group, F; is a post-treatment

indicator equal to O in the pre-treatment period and 1 in the post-treatment period, v; is a household
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fixed effect, and fi,,, is a month-by-year fixed effect.*. Finally, €; is a normally distributed error
term. The parameters are estimated using ordinary least squares and standard errors are clustered
at the household level to allow for intra-household dependence across months. Finally, if we
assume there was no contamination between the treatment and control groups [Angrist and Pischke,
2008, Cox, 1958], otherwise known as the "Stable unit treatment value assumption" (SUTVA), the
coefficient associated with the interaction between 7; and P, (7), is an unbiased estimate of the
Average Treatment Effect.

The use of water in western US cities varies considerably across summer and winter months,
as irrigation plays an important role in total household water use during the summer months. Re-
ducing water consumption is therefore different in summer months than during the rest of the year,
and we can expect the results of the intervention to be different as well. We use a difference-in-
difference-in-difference (DDD) estimator to compare the results of the intervention during summer

months (from May to September) with the rest of the year, as shown in Equation 1.2.

log(.gpd)lt = 60 + ﬁlPt + 6271 + 53[<t € [57 67 77 87 9])
+B4T‘z[<t € [57 67 77 87 9]) + 65Pt[(t € [57 67 77 87 9]) + ﬁ6T‘iPit (12)

P, and T; and ¢; are as defined for the previous model, while /(¢ € [5,6,7,8,9]) indicates
if month ¢ is between May and September. In this setting, 37 can be interpreted as the expected

proportional impact of HWRs between May and September compared to the rest of the year.

4The unit of observation is the household-month. In the post-treatment period treated households receive the treatment
every two months. To account for this, we assign the treatment in period ¢ to periods ¢ and ¢ + 1.

SWhile we realize that May through September extend into the spring and fall, we use the term summer throughout
for consistency.
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Table 1.4 presents the results of estimating Equation 1.1 in columns 1, 2 and 3. In column
4 we present the results of estimating Equation 1.2. The coefficients on 7" and P are omitted
due to multicollinearity with the fixed effects. Column 1 presents our preferred specification with
both household and month-by-year fixed effects, household fixed effects are removed in column 2,
and month-by-year fixed effects are removed in column 3. The estimated treatment effect (ATE)
is stable across specifications, again indicating that the treatment is not correlated with omitted

household characteristics.

Table 1.4: Primary Results

(H 2 3) “4)
ATE ATE ATE Summer
TP, -0.0243#**  -0.0235%**  -0.0243%**  -0.015471%**
(0.00464) (0.00834) (0.00466) (0.006308)
T:I(t €[5,6,7,8,9]) - - - 0.012400
- - - (0.012135)
P I(t€[5,6,7,8,9]) - - - 0.235238***
- - - (0.006083)
T,P,I(t €1[5,6,7,8,9]) - - - -0.023615%**
- - - (0.007517)
Household FE Y N Y Y
Month by year FE Y Y N Y
Std. errors in parentheses, clustered by hh’s. Y Y Y Y
Observations 318,832 318,832 318,832 318,832
R-squared 0.708 0.449 0.264 0.669

Notes: Standard errors in parentheses, clustered by household.
Star values: * 0.10 ** 0.05 *** 0.010.

We find a statistically significant Average Treatment Effect (ATE) of —2.4%, confirming our
first hypothesis presented in Section 1.2. Incidentally, the treatment effect identified in Table 1.2
is -6.74/290, which is approximately -2.3%. To provide context, we compare this value to the
change in price needed to achieve a similar reduction. According to Arbués et al. [2003], the
elasticity of residential water consumption ranges from —0.1 to —1.8. Thus, our estimate suggests
that to achieve similar reductions in consumption, prices would have to increase by 0.2% to 4.3%.
Notably, Allcott [2011] finds that Home Energy Reports result in a 2% reduction in residential

energy consumption.
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It is important to note that we cannot directly extrapolate our results to other regions, but
because households in our sample were randomly selected, we can extrapolate the treatment effect
to the population from which the sample was drawn. In doing so, we find that if 50,000 households
in the region were provided with HWRs, water consumption would decrease by 121 million gallons
per year.

Finally, our results show (column 4 of Table 1.4) that the expected reduction in summer 2.3%
larger than the expected reduction in non-summer (1.5%), indicating that most of the reduction
happens during the hotter months of the year. This result is not surprising, given that the marginal
cost of reducing water consumption is less during the summer, when water is used more widely
for indoor and outdoor use. Furthermore, it is consistent with the reduction in water consumption
observed by previous studies, such as Ferraro and Price [2013], Kenney et al. [2008] and Mini et al.
[2015]. This result has some important policy implications. Assuming the results from column 4
of Table 1.4 are homogeneous across the distribution of customers (the difference in reduction
between hot and colder months is not a function of the degree of high usage), we can calculate the
expected savings by degree of high usage based on the disaggregated consumption in Table 1.5.
The expected savings for higher use customers (households whose calculated water score equals
3), consuming an average of 236 gpd from October through April (colder months) and an average
of 583 gpd from May through September, would be of 3 gpd during the colder months and of 22
gpd during the warmer months. For medium use customers (water score equals 2), the expected
savings are 2 and 10 gpd during the colder and warmer months respectively, and finally 1 and 5
gpd for the lower use customers (water score equals 1). As we can expect the marginal cost of
the program to be constant across households (mailing), the difference between marginal cost and
marginal benefit is substantially larger for higher use customers during the summer months. In
other words, the net benefits of the treatment are largest for the highest water users during the

summer months.
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Table 1.5: Average consumption by assigned water score and by colder and warmer months of the year

Months Months
Water Score  September through May October through April
1 134 74
2 273 127
3 583 236

Notes: Units are gallons per day.

1.3.2 Test of Hypothesis 2: Heterogeneous Treatment Effects

In the previous section we estimated the ATE across the sample of households in our data. In
this section we use quantile regression to study heterogeneity in the treatment effect at different
points in the conditional distribution of the outcome variable. We implement the conditional quan-
tile estimator for panel data, developed by Powell [2016] on the normalized sample, using robust

standard errors, on the difference-in-difference specification described in Equation 1.1.

.02
|

Treatment Effect
0
1

T T T

0 2 4 .6 8 1
Quantile of consumption
‘ N 0% Cl Estimated coefficient

Figure 1.3: Quantile Regression: Treatment effects are percentages

Figure 1.3 presents the results of estimating the quantile regression. We find that quantile treat-

ment effect point estimates are negative and statistically different from zero at a 90% confidence
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level across all quantiles, except for those at the very bottom or very top of the distribution. Point
estimates range from 1% for those consumers in the lower quantiles of consumption to 3% for those
in the larger quantiles, with a stable treatment effect of around —3% across quantiles between 0.1
and 0.9. However, we could not reject the hypothesis that coefficients at varying quantiles are sta-
tistically the same, indicating that even though we observe a U-shaped curve on the point estimates,
the relationship between the household’s consumption level and treatment effect appears constant.
Moreover, consistent with Allcott [2011], we did not find evidence of a "Boomerang Effect", that

would imply that the most efficient users increase their consumption in response to the HWRs.

1.3.3 Test of Hypothesis 3: Categorization Effect

In this section, we perform a series of tests to explore our final hypothesis: whether the treat-
ment effect is a function of the social comparison message (categorization) that a household in
the treatment group receives. As the RCT was not designed for this purpose, categorization was
not randomized across participants and is endogenous. To address this identification challenge, we

employ several different strategies, which we outline below.

Great to Good

We begin by looking for a categorization effect between the "Great" and "Good" categories.
We employ three methods to test for this effect. First, we use a regression discontinuity (RD)
approach, where we test whether there is a change in the parameters of the functional form from
one side of the cutoff to the other. Second, we use a triple difference estimator to test if, within
a particular bandwidth, the treatment effect depends on being categorized as "Great" or "Good".

Third, we exploit the exogenous recategorization based on peers’ responses to the treatment.

Regression Discontinuity: An RD identification strategy is quasi-experimental [Lee and Lemieux,
2010] as it exploits the arbitrary nature of the treatment when assigning water scores. For example,
we observe a clear cutoff between the "Great" to "Good" categories, which allows us to assume

that, within a certain bandwidth, households on one side of the cutoff are statistically identical
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to those on the other side of the cutoff, and that the receipt of a particular normative message is
simply a product of random variation in month-to-month consumption among households in the
cohort. Hence, the only meaningful difference across households within this particular bandwidth
is the water score they have received [Angrist and Pischke, 2008]. We exploit this assumption to
test for a categorization effect on the cutoff from "Great" to "Good".

The model used for the estimation is as follows:

log(gpd)y = Bo + pI(D20;_y > 0) + p1D20;_,1(D20;_; < 0)

+ﬂ2D20i—t1<D20i—t > 0) + Hmy + vU; + €t (13)

VT, =1,Py =1,|D20;_| < h,|D20;_,| # 0

where D20;_, is the distance to the 20th percentile cutoff in the previous month, ¢t — 1. For ex-
ample, if the 20th percentile cutoff is 100 gpd, and household ¢ consumed 110 gpd in month
t — 1, D20;_; = 10. The term I(D20;_, > 0) is an indicator function that is equal to 1 when
D20;_; > 0, and 0 otherwise. The term I(D20;_; < 0) is an indicator function that is equal to
1 when D20;_; < 0, and 0 otherwise. If D20;_; > 0, then the assigned water score in ¢ is 2, if
D20,_, < 0, then the assigned water score in ¢ is 1. The variable / is half the bandwidth in which
we are assuming that households are statistically identical. Both D20;_, and h are measured in
gallons per day. Finally, €;; is the normally distributed error term.

To explain the mechanism behind the RD setting, we use the expected value operator in Equa-
tion 1.3, conditional on observing a positive or a negative distance to the cutoff calculated from the

previous month’s consumption:
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Ellog(gpd)it|(D20;—¢ < 0)] = Bo + B1D20;4 + fhmy + s (1.4)

Ellog(gpd)y|(D20;—; > 0)] = Bo + p + B2D20;—; + fimy + v; (1.5)

To the left of the cutoff (Equation 1.4), the intercept is 3, and the slope is ; while, to the right of
the cutoff (Equation 1.5), the intercept is 5y + p and the slope is J5. The parameters of interest are
then p and the difference between 3, and 5. The parameter p can be seen as the discontinuity in the
intercept while, if there is a significant difference between 5, and (35, the regression discontinuity
is manifested as a change in the slope.

We also estimate an RD specification but without allowing for different slopes, as follows:

log(gpd)i = Bo + pI(D20;—¢ > 0) + S1D20;_; + iy + Vi + €it (1.6)

V:T,=1,Py=1,|D20;_y| < h,|D20;_4| # 0

If we use the expected value operator in Equation 1.6, conditional on observing a positive or a

negative distance to the cutoff calculated from the previous month’s consumption:

Ellog(gpd)|(D20;—; < 0)] = By + B1.D20;—¢ + fimy + v; (L.7)
Ellog(gpd)i|(D20,—y > 0)] = Bo + p + B1D20;—¢ + fimy + Vi (1.8)

To the left of the cutoff the intercept is (3; while, to the right of the cutoff, the intercept is 3y + p.
The slope is, on both sides, (3;. The parameter of interest is then p, representing a location shift in

the underlying populations on either side of the cut-off.
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Table 1.6 presents, in columns 1 and 2, the results of estimating Equation 1.3 (allowing for
different slopes). In columns 3 and 4 we present the results of estimating Equation 1.6 (without
allowing for different slopes). In both cases, we present the results for two different values of the

bandwidth /.

Table 1.6: Regression Discontinuity

(1 2) 3) “4)
h=15 h=30 h=15 h=30
D20;_,1(D20;_; < 0) 0.00288** (.00349%** - -
(0.00146) (0.000546) - -
D20;_,1(D20;_; > 0) 0.00463%*#* (.00387%** - -
(0.00140) (0.000438) - -
I1(D20;_; > 0) -0.0105 -0.00364 -0.0107 -0.00405

(0.0170) (0.0111) (0.0170) (0.0111)

D20;_, - - 0.00379%** (0.00371%**

- - (0.00101) (0.000348)
Different Slopes Y Y N N
Same Slope N N Y Y
Household FE Y Y Y Y
Month by year FE Y Y Y Y
Observations 9,756 19,735 9,756 19,735
R-squared 0.711 0.692 0.711 0.691

Notes: The dependent variable in each specification is log(gpd). The unit of observation is a household-month.
Standard errors in parentheses, clustered by household.

Star values: * 0.10 ** 0.05 *** (0.010.

The results indicate that p is, for both specifications and for every considered bandwidth A,
not statistically different from zero, indicating that there is no regression discontinuity manifested
as a change in intercept. Slopes are, in both cases, positive. This result is as expected since it is
capturing serial autocorrelation. For example, we expect that the distance to the cutoff in month
t — 1 for house i is correlated with the distance to the cutoff in month ¢ for house ¢. Finally, when
we allow for different slopes, the difference between the slope on the negative side of the cutoff

and on the positive side of the cutoff (/3; and 3,), is not statistically significant ®. In summary, we

®When h=15, the differences between the estimated slopes is -0.0017 and the standard error for that difference is 0.002.
When h=30, the difference is -0.0005 and the standard error is 0.0007
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do not find evidence of a regression discontinuity indicating a categorization effect either in the

shape of a "bump" in the linear fit (p) nor in a change in slope.

Triple Difference: With the RD approach, we relied on the assumption that treated households
within a specified bandwidth of the discontinuity were statistically similar. On the other hand,
with the difference-in-differences approach (Equation 1.1), we assume orthogonality of the treat-
ment (receiving HWRs) to other potential confounders, and we rely on the RD assumption that
leaving only those observations within a small bandwidth ensures a random categorization. The
three differences include before versus after, treated versus control, and negative versus positive
distances to the 20th percentile cutoff (water score equal to 1 or 2). We use the indicator variable
I(WS;_, = 2) for the third difference (/(WS;_; =2) =1if WS, ;, =2and [WS;_;, =2) =0
if WS,_y = 1). As before, €;; is the normally distributed error term. This strategy can poten-
tially strengthen the results from the RD by incorporating the control group. The triple difference

specification is as follows:

log(gpd)i = Bo + B1 Py + o1 + B3I (WS;—y = 2)

+B4TIWSi—y =2) + Bs PI(WS;_y = 2) + BT Py (1.9)

+B: T Py l(WSi—t = 2) + fimy + Vs + €3

V: |D20,_4| < h, |D20;_,| # 0

Again, we use the expectation operator to explain the intuition behind our triple differences

specification. For those who received a water score equal to 2 and were treated:
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Ellog(gpd)u|T; =1, P, = 0,WS;_, = 2] = Bo + B2+ B3 + L1 + tmy + v (1.10)
Ellog(gpd)u|T; =1, P, =1,WS;_, =2] = o+ f1 + P2 + B3+ ba

+0B5 + B6 + Br + tmy + s (1.11)

The difference between the pre- and post-treatment periods expected consumption is 3; + (5 +

Be + B7. For those who received a water score equal to 2 and were untreated:

Ellog(gpd)u|T; =0, P, = 0,WS;_y = 2] = By + [3 + fimy + Vs (1.12)

Ellog(gpd)u|T; =0, P, = 1,WS;_, = 2] = Bo + f1 + Bs + B5 + timy + v (1.13)

The difference between the pre- and post-treatment periods expected consumption is 3; + (35, and
the overall difference-in-differences for those who received a water score equal to 2 is 35 + (7.
Finally, for those who received a water score equal to 1, the overall difference-in-difference is (.
The triple difference parameter is then 37, which represents the additional treatment effect from
receiving a "Great" instead of a "Good" message.

The results of estimating Equation 1.9 are presented in Table 1.7 for different bandwidths
h. The triple differences parameter is not statistically different from zero for any h considered.

Therefore, these results do not support the existence of a categorization effect.

Time Variant Category: The time variant category (TVC) identification strategy exploits plau-
sibly exogenous variation in the normative message a household receives. Specifically, we define
a household as treated if the household received the message that their consumption was “Great”
in month ¢ and then received the message that their consumption was “Good” in month ¢ + 2,

not because the household’s consumption changed, but rather because of a shift in the 20th per-
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Table 1.7: Difference in Difference in Difference

(D 2) 3) “4) )

h=15 h=20 h=25 h=30 h=35
I(WS;,—y =2) 0.00527 0.0250 0.0567 0.0513 0.0560*
(0.0489) (0.0406) (0.0360) (0.0327) (0.0302)
T, Py -0.0468 -0.0498 -0.0369 -0.0179 -0.0129
(0.0477) (0.0404) (0.0357) (0.0325) (0.0304)

TI(WS;_y =2) 0.0266 0.0234 -0.0148 0.00711 0.0121
(0.0643) (0.0526) (0.0461) (0.0417) (0.0385)

PIWS;,_;=2) 0.0414 0.0421 0.0232 0.0368 0.0445
(0.0497) (0.0413) (0.0366) (0.0333) (0.0308)
TPy I(WS,_y =2) -0.0258 -0.0297 0.0170 0.00258 -0.00378
(0.0653) (0.0536) (0.0470) (0.0425) (0.0393)

Household FE Y Y Y Y Y
Month by year FE Y Y Y Y Y
Observations 21,579 29,100 36,233 42913 49,122
R-squared 0.704 0.693 0.684 0.676  0.669

Notes: The dependent variable in each specification is log(gpd). The unit of observation is a household-month.
Standard errors in parentheses, clustered by household.

Star values: * 0.10 ** 0.05 *** 0.010.
centile cutoff.” In other words, a household could receive a different normative message from
one treatment period to the next simply because the consumption of their peer cohort increased or
decreased.

To estimate the effect of this treatment, we use a triple-difference strategy, with the three dif-
ferences defined as follows: the first difference is the exogenous categorization change, where a
household is defined as treated, T;; = 1, if the household received a water score of 2 in month ¢,
but they would have received a water score of 1 had the 20th percentile cutoff not changed between
t — 2 and t. On the other hand, a household is defined as not treated, 7;; = 0, if the household
received a water score of 2 in month ¢ and they would have received the same water score of 2
with the previously observed cut off in ¢ — 2. The second difference is before and after this treat-
ment (P;;). The third difference is if the household is in the broader treatment or control group

(I(T; = 1)). Finally, €; is the normally distributed error term.

"Note that households receive water scores every two months but we observe consumption every month. Thus, the
next water score would be received in ¢ + 2, or the previous water score would have been received in ¢t — 2.
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The triple difference specification is as follows:

log(gpd)it = Bo + P1 Py + BoTin + B3 1(T; = 1)
+B0,TI(T; = 1) + Bs PI(T; = 1) + BT3Pyt (1.14)

+0: Ty Pyl (T; = 1) + My + Vi + €54

Again, we can use the expectation operator to explain the intuition behind this equation. For

those whose categorization changed exogenously (7}, = 1) and were treated (I(7; = 1) = 1):

Ellog(gpd)u|T; =1, Py = 0,1y = 1] = o + Bo + B3 + Ba + fimy + Vi (1.15)
Ellog(gpd)i|T; =1, Py = 1,Ty = 1] = fo+ b1+ B2 + B3+ ba

+B5 + Bs + Br + phmy + Vi (1.16)

The difference of the expected consumption between these two groups is 51 + 55 + (¢ + [7. For

those whose categorization changed exogenously and were untreated:

Ellog(gpd)i|T; =0, Py = 0,1y = 1] = By + Bs + fimy + s (L.17)

Ellog(gpd)u|T; =0, Py = 1,Ty = 1] = o + b1 + B3 + B5 + fimy + U (1.18)

The difference between these two groups is 31 + 5, and the overall difference-in-difference for
those whose categorization changed exogenously is 3 + (7. Finally, for those whose categoriza-

tion did not change exogenously, the overall difference-in-difference is J¢. The triple difference
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parameter is then (3;, which represents the extra treatment effect given by receiving the exogenous
treatment based on changes in the consumption of the cohort.

We allow here for two different specifications: we compare the immediate response to the water
scores (1 period) or the next two responses (2 periods). Results are displayed in Table 1.8. Again,
we find no evidence of a categorization effect as the estimated coefficient for the triple difference

variable is not significant.

Table 1.8: Time Variant Category

(1 ()
1 Period 2 Periods
PI(T; =1) 0.0350 0.144***
(0.0252) (0.0412)
T Py 0.0201 0.0147

(0.0214) (0.0351)
T P.(T,=1) -0.0244 -0.0163
(0.0318) (0.0520)

Household FE Y Y
Month by year FE Y Y
Observations 4,383 2,188
R-squared 0.729 0.765

Notes: The dependent variable in each specification is log(gpd). The unit of observation is a household-month.
Standard errors in parentheses, clustered by household.

Star values: * 0.10 ** 0.05 *** (0.010.

Good to Take Action

In the previous subsection, we looked for the presence of a "categorization effect" between
the "Great" and "Good" categories. We did not find statistical evidence of such an effect. In the
following section, we look for the presence of a "categorization effect" between the "Good" and
"Take Action" categories. We do so using two estimation strategies. We begin with a "fuzzy"

regression discontinuity approach, and then turn our attention to a triple differences approach.

Fuzzy RD: The consumption cutoff defining houses in the "Good" and "Take Action" categories

is the 52nd percentile of consumption for each cohort, which is based on the per capita consumption
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of each household in the cohort. Unfortunately, we observe only the median (50th percentile).
This limitation imposes challenges in a regression discontinuity setting as, from our perspective,
the water score is not deterministically defined based on the distance to the median. Thus, we must
assume it is probabilistically defined. In other words, being on one side or the other of the median
changes the probability of being treated (getting a water score of 3). This setting lends itself to
a Fuzzy Regression Discontinuity (FRD) model to determine if there is a statistically significant
categorization effect.

The primary difference between a sharp RD approach (Equation 1.3) and a fuzzy regression
discontinuity approach (FRD) is that we use use a 2-stage least squares model, where we instru-
ment the treatment dummy variable (W S;_; = 3) with the dummy variable indicating if the
consumption is larger than the median /(D50,_, > 0) [Angrist and Pischke, 2008]. The model is

then defined in equations 1.19 and 1.20, where both ¢;; and ;; are normally distributed error terms:

Structural equation:

log(gpd)ir = Bo + pI(WSi—y = 3) + 51 D504 + fimy + U; + €3¢ (1.19)

VT, =1,Py=1,|D50;_| < h,|D50;_| # 0

First stage:

[(WSZ'_t == 3) - 9() + 91D50i—t + 92](D501_t > O) + fit (120)

Furthermore, as in Equation 1.3, we define a bandwidth h such that we can assume that house-
holds with consumption within the specified bandwidth, |D50; ;| < h, are statistically identical.
In practice, we weight the observations using |D50;_,| to give more weight to those observations

closer to the fuzzy cut off. The weighting function we use is as follows:
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max(0, h — | D50;_¢|)
h

Wy = (1.21)

The results of estimating Equation 1.19 are presented in Table 1.9. The coefficient of interest
is the coefficient on [(WS;_, = 3). The coefficients are all negative but not statistically signifi-
cant. This provides suggestive evidence that households that received the "Take Action" message
reduced their water consumption more than households that received the "Good" message. How-
ever, it is likely that the effect is too small, relative to the overall treatment effect, to be identified
with our data. To better understand the limitations of our RCT in identifying this effect, we esti-

mate the Power of the Test in Section 1.4.

Table 1.9: Fuzzy Regression Discontinuity

ey 2) 3) “4) ®)
h=15 h=20 h=25 h=30 h=35
I(WS;_y =3) -1.007 -0.352 -0.187 -0.140 -0.145
(1.950) (0.627) (0.301) (0.185) (0.127)
D50;_, 0.00253* 0.00227** 0.00239*** (0.00259*** (0.00282%**
(0.00140) (0.000983) (0.000685) (0.000521) (0.000412)
Household FE Y Y Y Y Y
Month by year FE Y Y Y Y Y
Observations 9,124 12,713 16,265 19,499 22,785
R-squared -0.030 -0.008 -0.002 0.001 0.003

Notes: The dependent variable in each specification is log(gpd). The unit of observation is a household-month.
Standard errors in parentheses, clustered by household.

Star values: * 0.10 ** 0.05 *** (0.010.

Triple Differences: Finally, we estimate a triple differences specification to identify a categoriza-
tion effect between the "Good" and "Take Action" categories. The three differences are pre- versus
post-treatment, treated versus control, and water score equal to 2 ("Good") versus 3 ("Take Ac-

tion"). This strategy can potentially improve upon the FRD strategy by incorporating data from the
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control group. The triple difference specification is the same as Equation 1.9, except [ (W.S;_; = 2)
is replaced with I(WW.S;_; = 3).

The results of the triple differences estimation are presented in Table 1.10 for 5 different band-
widths, h. Again, the parameter of interest, 37, is not statistically different from zero for any h

considered. Therefore, these results do not support the existence of a categorization effect.

Table 1.10: Difference in Difference in Difference

(1) 2) 3) “) )
h=15 h=20  h=25 h=30  h=35

I(WS;,—y =3) 0.0773  -0.198** -0.00178 -0.0439 0.0103
(0.0703) (0.0901) (0.0667) (0.0478) (0.0366)
T, Py -0.0926** -0.0634* -0.0708** -0.0429 -0.0219
(0.0426) (0.0351) (0.0303) (0.0264) (0.0243)
TI(WS;—y =3) -0.246  0.00616  -0.0990  0.0200  0.0238

(0.226)  (0.146) (0.0897) (0.0611) (0.0489)
PIWS;_y =3) -0.0178  0.270***  0.0827  0.131*** 0.0959%**
(0.0720) (0.0906) (0.0675) (0.0484) (0.0375)
TP I(WS;,_y =3) 0.245 -0.0240  0.0874  -0.0291 -0.0367
(0.227)  (0.146) (0.0907) (0.0622) (0.0500)

Household FE Y Y Y Y Y
Month by year FE Y Y Y Y Y
Observations 12,579 19,143 26,041 32,819 39,648
R-squared 0.765 0.741 0.723 0.713 0.705

Notes: The dependent variable in each specification is log(gpd). The unit of observation is a household-month.
Standard errors in parentheses, clustered by household.

Star values: * 0.10 ** 0.05 *** 0.010.

1.4 Ex Post Power of the Test Analysis

In this section, we use an ex post power test to determine if the non-statistically significant
categorization effects can be interpreted as true null effects [Brown et al., 2018].

Deriving a statistical estimate requires understanding the probability of a false negative, defined
as a Type II error. To do so, we need to simulate the distribution of an alternative hypothesis for
a given true treatment effect. If the test had a high probability of detecting an increase in the

treatment effect due to the categorization effect, a null finding could be interpreted as "no effect"”,
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but if the probability of detecting the categorization effect is low for relatively large effects, our
experiment is not powerful enough to identify a reasonable categorization effect.
In general, posterior power is estimated using a closed interval test based on the marginal dis-

tribution of the regression coefficient 1, associated with the treatment effect we want to analyze:

Hy : |Bre| € WTE(Cm‘t), 00). (1.22)

The cutoff, or critical bound of the test statistic, is S7gcrit) = t(1—(a/2),n—m) X Ogp5» Where n
is the number of observations, m is the number of independent variables and 03, 1s the estimated
standard error of the coefficient from the linear regression. The probability that the null hypothesis
is true is then the proportion of times the simulated g estimates are within the interval defined
in Equation 1.22.

We use both methods explained in Brown et al. [2018] to do Ex Post Power Simulation: Monte
Carlo Resampling (similar to bootstrapped percentile t-test) and a Bayesian approach to charac-
terize the entire posterior distribution of an estimated effect size. We perform the Ex Post Power
Simulation Test on the categorization effects between "Great" and "Good", testing the power for
both the RD and DDD settings, and on the categorization effect between "Good" and "Take Action"

for the DDD setting.

1.4.1 Ex Post Power Simulation with Monte Carlo Resampling

For a sample size n and a given effect size 51 (the one for which we want to estimate the power
of the test), we resample with replacement from the original design matrix (the matrix of observed
explanatory variables) and from the OLS residual vector (the estimated errors) (X N(n), € N(n)) to
generate a bootstrap data set (X N(n)> 67\,(”)). To keep the original structure in the variance covari-
ance matrix, where we allowed for within household auto-correlation (clustered standard errors),
we sample n households and, for each household we include all observations for a total of N (n),

which will be slightly different for each sample as the panel is unbalanced.
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The next step is to calculate a new yy,,) = X ]*V(n)BTE + €7V(n), to finally re estimate B} g for
each of the M bootstrap data sets. The power of the test given the true effect size is then the number
of times that | BE} el > Br E(crity divided by the number of bootstrap samples M. Following Brown

et al. [2018], we use M = 10, 000.

1.4.2 Ex Post Power Simulation from Posterior Marginal Distributions

This Bayesian approach characterizes the entire posterior distribution of an estimated effect
size. For the coefficient associated with the treatment effect, we assume a prior distribution with
the mean equal to the effect size we want to test, and we look at the proportion of times the
simulated posterior distribution met the interval test defined in Equation 1.22. The distributional

assumptions for the Bayesian approach are as follows:

yi ~ N(Xi3,0%) (1.23)
7(Bk) ~ N(0,07) (1.24)

Yk (k does not include Srg)
m(Bre) ~ N(Bre, 05,,,) (1.25)
7(0*) ~ N(0,0?) (1.26)

where the 7’s are prior distributions assigned to the model parameters. We use diffuse priors
for the variance of the (s and o?s, setting o7 and o7 to 10,000. Strong priors are used on the
treatment effect, anchoring S5 to the posited effect size and using the square of the OLS standard
error as prior for the variance.

Following Brown et al. [2018], we generate 5 Markov Chain Monte Carlo (MCMC) chains
of 6,000 samples each, with a burn-in period of 5,000 and a thinning interval of 10 to reduce

autocorrelation in the chain.
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1.4.3 Results of the Power Analysis

Table 1.11 shows the results for the Ex Post Power Simulation with Monte Carlo Resampling
on the RD between "Great" and "Good", given different true effects and the number of households
resampled. Consistent with the estimated ATE of 2.4%, we tested the probability of identifying the
categorization effect given true effect sizes of 1%, 2% or 3% on a sample of size n, where n is the

original sample size.

Table 1.11: Ex Post Power Simulation with Monte Carlo Resampling for RD between "Great" and "Good"

Effect Size Power

1% 17%
2% 51%
3% 83%

Notes: This table reports the probability of identifying a given true categorization effect of size 1%, 2%, and 3%.

Table 1.12 shows the results for the Ex Post Power Simulation from Posterior Marginal Distri-
butions. We tested the probability of identifying the categorization effect given true effect sizes of
1%, 2% or 3%. In the RD setting to identify the categorization effect between "Great" and "Good",
a true effect of 1% would mean that treated household’s that got a "Good" reacted by consuming
1% less than those households that got a "Great". In other words, the estimated parameter p would
be added to the Treatment Effect due to the categorization effect. Our results indicate that even
with a categorization effect of 2%, almost as large as the ATE, it would have been a coin toss to
detect it with the data.

The results for the DDD between "Great" and "Good" and between "Good" and "Take Action"
suggest that we had a 0% probability of identifying a categorization effect given a true effect of 3%.
The DDD parameter that we estimate between two categories represents the additional treatment
effect from receiving one or the other message.

To understand why our estimation strategies perform so poorly in identifying the categorization
effect, we start by defining the power of the test as a function of the effect size, the variance of the

population and the sample size. First, as we "borrow" data from an RCT designed to identify the
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Table 1.12: Ex Post Power Simulation from Posterior Marginal Distributions

OO ) €))
Effect Size 1% 2% 3%
RD "Great" to "Good" 6.1% 21% 51.6%
DDD "Great" to "Good" 0% 0% 0%

DDD "Good" to "Take Action" 0% 0% 0%

Notes: For a given true effect size (columns), we report the probability of identifying it with our sample size using

different models (rows).

ATE of receiving HWRs, we do not have the exogenous random variation in categorization that
would allow for a powerful analysis. Instead, as we rely on the bandwidth / to assume randomized
categorization, we are left with considerably fewer observations than the original design. In other
words, as we rely on the bandwidth / for randomization both for the DDD and the RD designs,
we are using experimental data (with a sample size designed to answer a specific question) as the
source of quasi-experimental data to answer a different question. As a result, if we assume that an
estimated coefficient Srp is significant at an 1 — « level if |5rg| > Cutof f, a large 04, pushes
the cutoff for significance further from 0. Table 1.13 shows the size of these standard errors for

each model and the corresponding cutoff for a 95% confidence level.

Table 1.13: Determinants of Power

(D (2)
Model Standard Error Cutoff
RD "Great" to "Good" 0.0104 -0.020
DDD "Great" to "Good" 0.039 -0.077
DDD "Good" to "Take Action" 0.050 -0.098

Notes: We present the standard error calculated for the categorization effect parameter and the corresponding cut-off

associated with 95% confidence level, for different identification models.

As we have such a large cutoff compared to the expected categorization effects, we can con-

clude that the power is low based on the estimated standard errors.
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1.5 Conclusions and Discussions

On average, HWRs work as a means to incentivize conservation, as shown by the ATE estimate
here, and most of the reduction happens during the warmer months of the year when households
irrigate. This finding implies that households are conserving water by reducing outdoor water use
during the growing season. Despite ample opportunity for reductions in indoor water use, such
as shorter or fewer showers or loads of laundry, it appears that households only modestly reduce
indoor water use in response to social comparison. Hence, households may need more information
on how to conserve indoor water use.

Although our results demonstrate a U-shaped association between the point estimates of the
treatment effect and the quantiles of pre-treatment consumption, our results could not prove that
the pre-treatment quantile estimates are different from one another. We also found no evidence of
a "boomerang effect”, consistent with Allcott [2011]’s findings on HERs.

Finally, we found no evidence of the existence of a "categorization effect" between categories
"Great" and "Good" or between "Good" and "Take Action". This result holds with RD and DDD
estimation strategies.® We use a power test to show that identifying the categorization effect was
improbable even for large effect sizes because the RCT we used was designed to identify different
treatment effects. To account for possible confounders, randomization was used to make sure both
treatment and control groups were random samples from the same population. To study the effect
of a normative category on the household’s response to social comparison, our strategies needed to
address the endogeneity that came from the lack of randomization in the allocation of messages.
We used, depending on the model, two different strategies that imposed strong limitations on the
data availability. First, for the RD and for the DDD models, we relied on a bandwidth / to assume
that, if a household was very close to the cutoff between categories, the message a household
received was random. Second, for the TVC model we relied on households that received a message

that was the result of exogenous changes in their cohort’s consumption. This finding highlights

8We also tried these estimation strategies on the summer months.
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the challenge of using experimental data (as the source of quasi-experimental data) to answer a
different question than the experimental data were originally designed for.

Identifying a categorization effect remains an important unanswered question. If it were iden-
tified, it would imply that extending the range of the “Good” or "Take action” categories would
result in a greater treatment effects. On the other hand, if the categorization effect is irrelevant,
the mechanism driving the effect of HWRs might not be social comparison, but a response to in-
formation provision or simply to the knowledge that consumption is being monitored closely. Our
work validates previous findings [Allcott, 2011,0,0, Allcott and Kessler, 2019, Brent et al., 2015,
Ferraro and Price, 2013, Henry et al., 2019, Jessoe et al., 2017, Torres and Carlsson, 2018], with a
similar methodology to Allcott [2011] but on a different dataset, and on HWRs instead of HERs.
Finally our analysis includes a methodological extension based on the use of the triple difference
estimation.

With a deeper understanding behind the mechanisms through which HWRs incentivize con-
servation, we expect to inform policy makers and utilities on how to better craft non-pecuniary
interventions. Future work should use a RCT designed exclusively to detect the categorization
effect, with randomized cutoffs, and with a RCT designed to test for the existence of alternative
mechanisms that could explain the observed reduction in consumption that occurs as a result of
information provision. Finally, even when we failed to identify a categorization effect, it is impor-
tant to mention that we did not correct for multiple hypotheses testing. Future work should correct

for the increased probability of incorrectly identifying a significant effect.
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Chapter 2
Learning Through Experience: The Impact of

Technology Reliability on Adoption and Use

2.1 Introduction

Worldwide, 1.1 billion people live without electricity, with nearly 70% in Sub-Saharan Africa
[Outlook, 2017]. Only 14% of rural households in Sub-Saharan Africa, excluding South Africa,
have access to electricity [UN, 2018]. The UN has made access to affordable, reliable, sustain-
able and modern energy one of its Sustainable Development Goals because energy services are
critical ingredients for socioeconomic development [UN, 2018]. Anecdotal evidence from differ-
ent domains suggests that low quality supply, or supply with uncertain quality, can lead to low
technology adoption rates through increased cynicism and skepticism related to new technologies,
especially when provided by unknown firms [Eder et al., 2015, Miiggenburg et al., 2012, Shyu,
2013]. Despite qualitative descriptions of this phenomenon, there is limited empirical evidence of
how experience with technology quality and reliability affects the adoption and continued use of
the technology over time. In this study, we identify how observing or experiencing variation in
electricity reliability (technology quality) affects technology adoption (electrification) and usage
decisions. Furthermore, we test different learning models, including Bayesian learning, to explore
how consumers use information for their decision making process.

To answer these empirical questions, we partner with a private-sector, solar based, mini-grid
provider in rural Rwanda that sells pre-paid electricity days of direct current (DC) service. We
observe electricity adoption, purchase, and use behavior at a high temporal resolution, particularly
for a rural region of a developing country. Our rich data-set, observing about 5 years of individual

daily usage, from May 2014 to February 2019, from more than 2,400 households from 75 rural
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villages, allows us to empirically examine the impact of learning about technology quality on initial
adoption decisions and continued use over time.

We first model consumption decisions on the extensive margin (technology adoption), concep-
tualizing adoption and disadoption as an optimal stopping problem, approximating the underlying
dynamic decision process with a reduced-form logit regression model as in [Sampson and Perry,
2018]. We test how experienced reliability affects these decisions using different models of learn-
ing, including testable hypotheses derived from Bayesian learning models as in [Lin et al., 2019]
and [Maniloff, 2019]. We also model time to re-connect and the number of electricity days pur-
chased after running out of pre-paid days, as a function of observed and experienced electricity
reliability. We model electricity reliability as the blackout rate for a particular village.

We find evidence that the observed blackout rate (through neighbors’ experiences) affects the
timing of the decision to adopt, but households tend to place more weight on their most recent
experiences with blackouts relative to blackouts from several periods prior.” We also find evidence
that higher blackout rates increase the length of time households wait to re-purchase electricity
after running out of pre-paid electricity (topping-up). These findings support the hypothesis that
electricity reliability plays an important role in electrification decisions. However, we do not find
evidence that consumers, once accustomed to electrification, choose to permanently disconnect as
a consequence of poor reliability. Finally, we found no evidence of Bayesian learning in the sense
that household beliefs do not respond to new information in the way Bayesian learning would
predict.

This work contributes to several literatures. Most directly, it adds new evidence to the impor-
tance of reliability in electricity provision and demand in the developing world, where development
initiatives have not always successfully improved societal welfare [Grimm et al., 2019, Lee et al.,

2016]. The magnitude of the rural electrification problem (often referred to as a ‘wicked prob-

9Throughout, we define experienced blackout rates as blackouts experienced by the focal household during a period in
which they had electricity. In contrast, we define observed blackout rates as blackouts that occurred during a period
in which the focal household did not have electricity. In other words, the household observed their peers or neighbors
experiencing blackouts.
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lem’ [Gibson, 2017]) suggests that behavioral insights into the demand for electricity can have
far-reaching impacts for rural areas of the developing world. Sedai et al. [2020] and Meles [2020]
successfully showed that households in India and in Ethiopia, respectively, suffered welfare losses
for each day of electricity lost due to blackouts, either through the loss of income or through ex-
penditure on alternative energy sources. Our contribution goes beyond these findings, as we show
that blackouts also affect the decision to adopt and use electricity technology.

Furthermore, this work contributes to a broader literature on technology adoption. It has been
shown that household adoption of new technologies not only contributes to economic growth [Hall
and Khan, 2003] and productivity improvements [Jorgenson, 2011], but it has the potential to
create meaningful improvements in quality of life, for example through improvements in indoor air
quality [Mobarak et al., 2012] or by facilitating labor market participation, particularly for women
[Dinkelman, 2011]. Despite numerous benefits, the literature has revealed multiple mechanisms
that deter technology adoption and its continued use [Carter et al., 2014, Hanna et al., 2016, Jack
et al., 2015], and we add to this literature by showing that reliability is a key determinant of
adoption.

Additionally, our work contributes to the vast literature on learning and peer effects. In recent
work, Streletskaya et al. [2020] provides an overview of the linkages and complementary topics be-
tween technology adoption and behavioral economics, highlighting learning and social preferences
as an area for fruitful future research. Rosenberg and Nathan [1982] detail three general types of
learning in the context of agricultural technology adoption: (1) learning by doing, when technol-
ogy suppliers learn how to improve their technology over time based on feedback and experiences
of their customers, (2) learning by using, when farmers improve their mastery of the adopted tech-
nology over time through personal use experience, and (3) traditional learning based on obtaining
information about a particular technology from various sources, including other farmers who have
personal experience with the technology. In some cases, learning from peers can provide potential
adopters with useful information [Oster and Thornton, 2012, Sampson and Perry, 2018], though

heterogeneity in returns can limit peer learning [Munshi, 2004]. Further, peer experiences may
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not always lead to increased adoption. For example, Adhvaryu [2014] finds that misdiagnosis of
malaria slows the adoption of malarial treatment by peer households in Tanzania. In our work, we
show that not only do a household’s own experiences with blackouts affect consumption decisions,
but they are also affected by the reliability they observe through peers’ use of the technology.

In the learning literature, actors are often assumed to be Bayesian updaters, particularly in re-
search focusing on learning by using and on traditional learning [BenYishay and Mobarak, 2018,
Fudenberg and Tirole, 1991, Lin et al., 2019, Maniloff, 2019]. Behavioral economics research
provides evidence that people do not apply Bayesian updating rules when faced with new infor-
mation in an experimental settings [Charness and Levin, 2005, Zizzo et al., 2000], while Lindner
and Gibbs [1990] show that farmer behavior may not be explained through a Bayesian learning
process. Similarly, Fischer et al. [1996] find that observed farmer learning is slower than predicted
by traditional Bayesian approaches. We tested for Bayesian learning and we also could not find
conclusive evidence of its presence.

Finally, Hall and Khan [2003] describes how the idea of adopting a new technology is similar
to any other kind of investment under uncertainty, characterized by 1) uncertainty over future profit
streams, 2) irreversibility that creates at least some sunk costs, and 3) the opportunity to delay. As
such, inefficiencies associated with decisions about technology adoption can be studied in the real
options framework suggested by Dixit et al. [1994]. For instance, Ansar and Sparks [2009] used
this approach to explain the inclination of households and firms to require very high internal rates
of return in order to make energy-saving investments. The existence of a peer effect through which
potential customers can learn about technology reliability from their connected peers, potentially

decreasing the uncertainty of future utility streams, created a further incentive to wait to adopt.

2.2 Empirical Context and Data

2.2.1 Context

We explore the impact of electricity reliability on adoption and use in the context of rural

Rwanda. Rwanda’s national electrification rate is estimated at 30% (12% in rural areas, 72% in
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Figure 2.1: MeshPower Sites

urban areas) and, according to US-AID [2019], the government is targeting 100% electricity access
by 2024. US-AID [2019] identified the biggest issues and bottlenecks the Rwandan government
needs to address to achieve their goal: misalignment of power supply and demand, limited financ-
ing for off-grid companies and limited affordability of electricity solutions for rural households
and businesses.

In this context, MeshPower provides electricity to 75 communities that are not covered by the

country’s national grid, mainly rural villages, as shown in Figure 2.1.
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Figure 2.2: MeshPower Solar Panels in Base Station. Credit: meshpower.co.rw

MeshPower offers direct current (DC) electricity from their “base station”, typically in the
center of a village. At the base station, MeshPower sets up solar panels linked to a secure battery
storage unit, as shown in Figure 2.2.

DC electricity travels from the base station to each business or home via aerial cabling up to
a distance of 200 metres, as shown in Figure 2.3. These cables do not only distribute electricity
from the base stations to the customers, but are also used by MeshPower to gather the individual
consumption information traveling from households to the base station.

MeshPower sells energy only, rather than hardware and asset contracts, providing a range of
tariffs that cover both business and home use, plus different levels of intensity. For each household
or business, MeshPower installs a station (as in Figure 2.4) from which the customer can pull
electricity by plugging any device in the USB ports, or by using the LED lighting powered by the
station.

Customers buy pre-paid "electricity days" as they need it and as they can afford it. Once their
balance reaches zero, households can purchase additional electricity days (a "top-up"), or they

can decide to wait and purchase electricity days later. MeshPower provides a range of services
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Figure 2.4: MeshPower DC Home Station. Credit: meshpower.co.rw
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depending on the number of LED lights and USB outlets, with tariffs that range between 50 to 140

Rawandan Francs (RWFs) per day (between 0.1 and 0.2 USD per day, approximately).

Data

We observe approximately 5 years of individual daily usage, from May 2014 to February 2019,
from more than 2,400 households from 75 rural villages. Specifically, for every connected house-
hold we observe the daily tariff, daily cash purchase of electricity and each day’s final balance.

We observe around 775,000 electricity days consumed, with tariffs distributed as follows: 30%
were for 100 RWF/day, 43% were for 50 RWF/day, 12% were for 80 RWF/day and 11% were for
140 RWF/day. Our data set includes more than 81,000 electricity purchases. The mean purchase
was of around 700 RWF (less than $1), the median was 500 RWF, while the maximum purchase
was 9,500 RWE. Most of the purchases were either 500 RWF (75%), 1,000 RWF (15%) or 1,500
RWF (1.7%). Most of the purchases (62%) occurred before the household had a zero balance (they
did not let their electricity service run out) and the vast majority (88%) stayed without electricity
for 5 days or less. If service was allowed to lapse, the distribution for the number of days it took to
reconnect (top-up), including only those observations in which a household stayed at least one day
without electricity before purchasing more electricity days (limited to 20 days or less), is displayed
in Figure 2.5.

We also know when MeshPower began providing service to each village and from this, we can
infer how long each household waited to adopt the electricity technology. The average number of
days it took customers to connect to the MeshPower service is 281 days and the median is 161
days.

Even though we do not directly observe disconnections, we assume that a household discon-
nected from a site in month ¢ if between ¢ and ¢ + 6 months, we do not observe any electricity usage
or purchase. Under this assumption, we observe 961 customers who later chose to disconnect and
did so after an average of 409 days, with a minimum of 89 days and a maximum of 1,369 days.

We do not directly observe blackouts, our measure of reliability. Instead, we observe for each

site and for each day, the total number of active customers and the number of customers that were
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Figure 2.5: Distribution of the Number of Days to Repurchase Electricity Days
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not charged for their electricity. MeshPower’s policy is to not charge customers for electricity on
a given day if during the day there is a miscommunication between the equipment installed in the
household and the base station. It is worth noting that households do not bear the direct financial
risk of an outage. Instead, dis-utility from outages is from not being able to reliably use electricity
devices. As we do not observe the nature of the problem a household is facing on a given day and
for which MeshPower decided not to charge the electricity day, we opted for a binary approach to
define site-wise blackouts: if on any given day at a particular site, the fraction of households that
were not charged for electricity was larger than 80%), it is safe to assume there was a system-wide
blackout that day.!® If we instead considered a continuous variable representing the percentage of
households that were not charged on a given day, lower values could be indicative of the presence
of endogenous, individually experienced blackouts, often the result of problems with the wires or
with the customer’s station. Under this set of assumptions, in the almost 5 years of daily data, we
observe, per site, an average of 33 blackout days. The average percentage of days with blackouts
across sites is 3.73%, The site that had the largest number of blackouts was Kavure, with 152
days with blackouts (45.5% of the observed days), and 3 other sites had more than 100 days with
blackouts (10%, 11% and 13% of the days had a blackout) over the sample period.

Finally, as both electricity demand and solar electricity generation are affected by weather
outcomes, we use modelled data from from the Climatic Research Unit (CRU) of the University of
East Anglia to control for its effect. Specifically, we use mean temperature and accumulated rain
at the month level.

Summary statistics for the explanatory variables and for response variables are as shown in

Table 2.1.

2.3 Model of Experience, Learning, and Technology Adoption

In this section, we develop a simple utility based model to explain a household’s decision to

purchase an electricity day as a function of the household’s beliefs about the system’s unreliability,

10 After discussing with Meshpower, we determined that 80% was a reasonable cutoff to assume a blackout occurred.
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Table 2.1: Summary Statistics

Statistic N Mean  St. Dev. Min  Pctl(25) Pctl(75) Max
Blackout rate (% of days in a month with blackouts) 23,196  0.033 0.101 0 0 0.03 1
Variance of the blackout rate per site 23,196  0.011 0.026  0.0001 0.001 0.009 0.198
Mean temperature (C) per month 23,196 21.522  0.775 18.000 21.000 22.000 23.000
Mean rain (mm) per month 23,196 80.304 46.157 3.300 40.600 120.200 192.600
Connection (binary) 23,196 0.114 0.318 0 0 0 1
Dis-connection (binary) 15,492  0.068 0.252 0 0 0 1
Time to re-connect 39,763 10.214  29.485 1 1 8 180
Amount spent after having zero balance (Francs) 39,763 614.035 324.443 3 500 500 9,100

Notes: All variables are measured at the household-month level.

measured as the monthly blackout rate. Furthermore, we use the model to explain how the house-
hold decision maker can use the unreliability he or she observes or experiences to update those
beliefs. In our model, households buy one electricity day at a time.

The decision maker in household A in village ¢ buys an electricity day to use during period
t if the expected net benefit from purchasing electricity is positive. In other words, households
purchase electricity if the money valued expected utility F/(V') is larger than the cost C' (Equation
). In a pre-paid setting as the one we study, this decision is reversible: the decision maker can
decide to stop purchasing electricity days and keep the balance at zero for as long as the household
deems optimal.

Utility is a function of electricity services, which we model as a function of how unreliable (q.)

the service in village c is, and of the value of electricity v;, which is specific to each household h.

ElV(ge, )] > C 2.1

We assume utility decreases with unreliability (V}/(g.) < 0) and it is convex (V}(g.) > 0).

Unreliability in village ¢ in period ¢ is then assumed to be random draw from a distribution with

mean ¢, and variance o>

Get ~ F(qe, 02) 2.2)
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As the true expected value ¢, is unknown to consumers, households will act according to what
they believe it will be for period ¢. Assuming consumers in village ¢ share the same information,

we define the belief about g, for period ¢ as m. ;.

2.3.1 Learning models

We test three different learning models to explain how decision makers update their beliefs
about the expected unreliability. First, we test whether households respond more to recent in-
formation than information from several periods prior. We call this model short term memory
(met = qer—1), in which a household’s beliefs about the expected unreliability are exclusively
based on what was observed or experienced during the previous period. Second, we test whether
households consider information from the entire sample period. We call this model long term
unweighted memory (m., = 1/(t — 1) Zi;é qct), where a household’s beliefs about expected un-
reliability are the simple average of what was observed or experienced since the beginning of the
service in the village, ¢ = 0. Finally, we test for Bayesian learning using the following two testable
hypothesis (see appendix for theoretical foundations of these tests): (1) The larger the variance of
the unreliability distribution (ag), the less the household learns from the observed or experienced
realizations, as in Lin et al. [2019], and (2) The longer the site has been active, the less the house-
hold learns from the observed or experienced realizations, as in Maniloff [2019]. Finding evidence

of these latter hypotheses would suggest that households behave in a way that is consistent with

Bayesian learning.

2.4 Econometric Specifications

2.4.1 Extensive Margin: Technology Adoption and Disadoption

We first model the extensive margin of adoption for households that eventually connect, con-
ceptualizing it as an optimal stopping problem in which household 4 in village ¢ decides whether
to connect (ap; = 1), or not (ap; = 0) in every month ¢, after the service becomes available,

based on the household’s beliefs about the expected unreliability (expected blackout rate) at the
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beginning of month ¢, m.,. As every household % living in village c observes the same blackout
rate, we use the subscript ¢ on m.,. We test different learning models, as described in Section
2.3.1, captured by the variable m.;: households could respond to the blackout rate observed in
t — 1, to the blackout rate observed in ¢t — 2, or to the simple average of the observed blackout
rate from ¢ = 0, the beginning of the service period in a particular village, to ¢ — 1. We approx-
imate the underlying dynamic decision process with a reduced-form logit model (as in Sampson
and Perry [2018]). Thus, we model the odds of adopting as a function of neighboring households’

experiences, expressed as the rate of blackouts in the previous time periods, as follows:

P(Gh,t = 1)
1 —plape =1)

log( ) =08 mes+ f(Ter) +an+ 8" Xey +nee (2.3)

Note that the probability of adoption depends on households not currently having the service.
Therefore, m., captures what a household believes about the expected blackout rate from ob-
serving their connected neighbors experiences with the service in village ¢. The term f(7.,) is a
flexible village specific time control to capture the trend in technology diffusion,'' X, is a vector
of weather variables and, to control for unobservables, we include household («;,) and time (7;)
fixed effects, clustering standard errors at the village level. The time fixed effect is a month by year
dummy, which captures time-varying unobservables that are constant across sites. On the other
hand, the time trend is specific to each village to capture the time since electrification for each
village.!?

For robustness and for ease of calculating marginal effects, we also estimate the adoption and

disadoption relationship using a simple linear model as follows:

plans =1) =0 mes + f(Ter) +an+ gT Xet + M0+ €nge (2.4)

In all specifications, f(7.) is a polynomial of degree three.

12In the Appendix, we also test a specification where instead of using a trend variable we use the number of connected
households.
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Using the linear model, we also test for evidence of Bayesian learning '*. To test the first
Bayesian hypothesis we study if a potential customer learns less from the unreliability realizations
if o2, the variance of the blackout rate, is larger. In other words, we interact o2 with the unreliability

information m.,. The model is as follows:

plane =1) =0 mey + B 0(2; + 2 Uzmc,t + f(Tet) + BT Xer oy +1m 4+ eng. (2.5)

To test the second Bayesian hypothesis we study if a potential customer learns less from the
unreliability realizations if the site has been active for longer. In other words, we test whether the
effect of new information is diminished as the household receives more information. The model is

as follows:!*

plans =1) =0 mey + f(Ter) + 8 mesTer + BT Xeg +ap+n+ eny (2.6)

Also on the extensive margin, we model the probability of disadoption (d,; = 1) for connected
households. For households that dis-adopt, the experience with unreliability is first hand realiza-
tions of the blackout rate, as opposed to information from observing peer experiences. The logit

and linear disadoption models are as follows: '

p(dht 1) T
l , =90 ¢ TC Xc 2.7
I g = 1)) =0 e H S o) Fon 5 Kot @)
and
p(dhﬂf = 1) =9 Met + f (Tc,t) + oy, + BT th + M+ Eng- (28)

13We do not use the logit specification for the Bayesian models because of convergence problems.
'“In all specifications, f(7.) is a polynomial of degree three, while 7" is simply a linear time trend.

I5In the Appendix, we also tested a specification where instead of using a trend variable we use the number of con-
nected households. The results are largely unaffected.
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To find evidence of Bayesian learning in the decision to dis-adopt, we use the following models:

p(dh,t = 1) =0 Met + I3} 03 + 2 Uzmc,t +f (Th,t) + 5T th +op + N+ Eng (2.9)

and

pldpy =1) =0 mey+ f (Thy) + 8 meiThe + BT Xep +ap +n+ enyg. (2.10)

To be clear, the main conceptual difference between the decisions to adopt and to dis-adopt is
that, in Equations 2.7, 2.9 and 2.10, m., is not only observed by household 7 but also personally
experienced. The underlying assumptions are then that every customer experiences the same rate

of blackouts, and that every future customer observes the same rate of blackouts on their neighbors.

2.4.2 Extensive Margin: Reconnection Decisions

Due to the pre-paid nature of the service provided by the utility, we can study the decision
of when to re-purchase electricity days once the balance reaches zero. In the context of pre-paid
electricity, allowing the balance to reach zero can be seen as a temporary and reversible disadop-
tion, which we model as a function of the experienced electricity unreliability during the previous
consumption period, which we denote 7 — 1, and the observed electricity unreliability during the
previous period with zero balance, which we denote ¢. Furthermore, we can also study if the
experienced and observed electricity unreliability affects how many electricity days a household
purchases once they decide to reconnect.

For prepaid electricity credit, we model the expected number of days between a zero balance
and the subsequent purchase (top-up) for household % that took place in month ¢, denoted A, ;. In
other words, ), ; is a count variable modeling the number of days with a zero balance for house-
holds that let their service lapse for any amount of time. The time between a zero balance and

subsequent purchase depends on the personally experienced blackout rate during the previous pos-
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itive consumption period, ¢ — 1, denoted as m,;_1, and the observed blackout rate during the most
recent time period with zero consumption, denoted m,. ;. To be clear, the subscript ¢ denotes months
and years of the sample, while the subscript ¢ denotes periods that are relative to each household’s
consumption pattern. Assuming a Poisson distribution, we model the log of the expected number

of days to purchase electricity days, A, as:

log(Ant) =0 meim1 + @ mei + oy + BT Xy + 1 (2.11)

To control for unobservables, we include household («) and time (7)) fixed effects. As we
do not have access to daily weather realizations, the variables included in X.; include weather
realizations for the month ¢ in which household h purchases electricity days after having zero
balance. To allow for over dispersion and to explore for robustness, we test different distributional
assumptions, including Gaussian (linear link function) and Negative Binomial (log link function).

We use the same linear specification for a Gaussian model to explain the amount spent on each

electricity purchase in time period ¢ for household 7 in constant local currency (e ;) as:

eht =0 Mei1 + @ Me; + ap + BT Xet + 1+ Eny (2.12)

As we did with adoption and disadoption decisions, we use both models to test for Bayesian
learning. To test the first Bayesian hypothesis, we use Equations 2.19 and 2.20 to model how the

variance of the blackout rates (c2) affects learning.

log(Ant) = B1 02+ Ba Mei1 + B3 02 Mei1 + @ Mei +© 02 Moy + ap + 1y (2.13)

et = B1 02+ Bo Mei1 + B3 02 Mei1 + P Mei + @ T2 Mei + o+ 1+ Ens (2.14)
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Finally, to test the second Bayesian hypothesis, we use Equations 2.21 and 2.22 to model the

relationship between the time spent as a costumer (7}, ;) and learning (A ;).

log(Ant) =0 meic1 + f (The) + Bo meim1Thy + @ mei + B1 meiThe + op + (2.15)

ent =0 Mei—1 + f (Thy) + Bo Meim1The + @ Mei + By meiThy + o+ + epi (2.16)

When estimating Equations 2.17, 2.18, 2.19, 2.20, 2.21 and 2.22, we cluster standard errors
at the village level. For each model, our goal is to test the significance of the estimators of the
coefficients capturing reliability (observed and experienced).

Due to the pre-paid nature of the service provided by the utility, we can study the decision
of when to re-purchase electricity days once the balance reaches zero. In the context of pre-paid
electricity, allowing the balance to reach zero can be seen as a temporary and reversible disadop-
tion, which we model as a function of the experienced electricity unreliability during the previous
consumption period (¢ — 1), and observed electricity unreliability during the period in which con-
sumption was zero due to having zero balance while waiting for the i*" purchase. Furthermore, we
can also study if the experienced and observed electricity unreliability affects how many electricity
days a household purchases once they decide to reconnect.

For prepaid electricity credit, we model the expected number of days () ;) between a zero bal-
ance and the subsequent i*" purchase for household £ that took place in month ¢. The time between
a zero balance and subsequent purchase depends on the personally experienced blackout rate dur-
ing the previous positive consumption period, ¢ — 1, denoted as m.;_;, and the observed blackout
rate during the most recent time period with zero consumption before the i*" purchase, denoted
me;. To be clear, the subscript ¢ denotes months and years of the sample, while the subscript ¢

denotes purchases that are relative to each household’s consumption pattern. For instance, the
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purchase for household ~ happened in month ¢, after a time period in which household h had zero
consumption (they choose to not purchase more credit after consuming the (i — 1) purchased
balance). Assuming a Poisson distribution, we model the log of the expected number of days to

purchase electricity days, Ay ;, as:

log(Ani) =6 Meim1 + @ Me; + o + ﬁT Xer +m (2.17)

To control for unobservables, we include household («;) and time (7;) fixed effects. As we
do not have access to daily weather realizations, the variables included in X.; include weather
realizations for the month ¢ in which household h purchase electricity days for the i** time after
having zero balance. To allow for over dispersion and to explore for robustness, we test different
distributional assumptions, including Gaussian (linear link function) and Negative Binomial (log
link function).

We use the same linear specification for a Gaussian model to explain the amount spent on the

i'" electricity purchase in time period ¢ for household % in constant local currency (e, ;) as:

€hi =0 Mei1 + @ Mej + ap + BT Xt + M+ Eng (2.13)

As we did with adoption and disadoption decisions, we use both models to test for Bayesian
learning based on the two testable hypotheses we described. Based on the first testable Bayesian
hypothesis, we use equations 2.19 and 2.20 to model how the variance of the blackout rates (o)

affects learning.

log(Ani) = B1 02 + Ba Mei1 + B3 02 Mei1 + @ Mei + @ 02 Mei + ap + 1 (2.19)

eni = i 03 + B2 Mei—1 + B3 05 Mei—1+ @ Mei + @ Uz Mei + Qp + M+ Eny (2.20)
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Finally, based on the second testable Bayesian hypothesis, we use equations 2.21 and 2.22 to

model the relationship between the time spent as a costumer (7}, ;) and learning (A ;).

log(Ani) = 6 meic1 + f (The) + Bo meim1The + @ mei + B meiThe + o + 1 (2.21)

eni =0 Mei—1 + [ (Thy) + Bo Meim1Thy + @ Mei + 1 meiThy + o+ + eni (2.22)

When estimating equations 2.17, 2.18, 2.19, 2.20, 2.21 and 2.22, we cluster standard errors
at the village level. For each model, our goal is to test the significance of the estimators of the

coefficients capturing reliability (observed and experienced).

2.4.3 Identification Assumptions

An implicit assumption in all our models is that blackouts are exogenous to electricity pur-
chase decisions, conditional on our control variables and fixed effects. If usage decisions were
endogenous to blackouts, the estimated parameters would be biased.

One possible threat to identification is that the blackout rate might be a function of the number
of households connected to the local grid at any given moment.'® Our first approach is to look at the
consumption path per site, counting the average daily number of households consuming electricity
days per month, and at the rate of blackouts per month to visually inspect their relationship. In
Figure 2.6 we show both curves for the 10 biggest sites in our sample, where it is visually clear
that larger numbers of households using electricity are not temporally aligned with larger blackout

rates.

16As a reminder, we do not directly observe blackouts. Instead, we observe, per day and site, the total number of
active users and the number of users who were charged an electricity day based on the communication between the
equipment in the household and the base station.
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Avg. number of households using electricity per day
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Figure 2.6: Number of connected households and blackout rates for the five biggest sites across time
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Second, to further understand why blackouts happen and their association with the usage de-
cisions, we use a linear model to explain the rate of blackouts (r) per month ¢ in village ¢ (7))
(number of days with blackouts divided by the number of days in the month) as a function of a
polynomial of the number of connected households f(H..), a trend variable 7, to capture learning

over time, and a vector of weather realizations X.;. We cluster standard errors by village.

Tet = BO + f(Hqt) + Tc,t + 5T Xc,t + Eeyt (223)

The results in Table 2.2 show that blackouts are explained mostly by the length of the service
(trend) and precipitation, but there is no clear evidence that the blackout rate is explained by the
number of connected households. In other words, it seems that sites are becoming more reliable
over time and that rain, likely correlated with storm activity, is associated with a higher blackout
rate. There is also no evidence of reverse causality from adoption to the blackout rate. These results
are important as they show that the dependent and independent variables in our main models are
not simultaneously defined. If this were not the case, the estimated coefficients would be biased if
they were not lagged.

Despite the previous test, one might still be concerned that contemporaneous congestion causes
blackouts. To further test for this issue, we model whether the daily count of the number of houses
that were not charged (p.) in period ¢ in village c is a function of the number of active households
in the village on that day (uy). If this were true, then the decision to adopt would be simulta-
neously determined with the experienced blackout rate and would lead to biased estimates. We
should note, however, that since all of our models use the lagged blackout rate, much of the simul-
taneity concern is alleviated simply through the exploitation of different time periods. Nonetheless,
we use a Poisson regression to estimate the association between the count of households that were
not charged (p..) in period ¢ in village c and the number of active users (uy, ) in period ¢ in village

¢, as follows:!”

7To properly identify the effect of congestion, we include time fixed effects (1)), village fixed effects (a;) and a
flexible trend function f (7, ;) to capture learning over time. As we do not have access to daily weather realization,
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Table 2.2: Modelling Blackout Rate

(1)
OLS
Connected households () -0.143*
(0.085)
Connected households? (t) -0.076
(0.081)
Mean temperature () (C) -0.002
(0.002)
Mean rain (¢) (mm) 8.126e(-05)**
(3.718e(-05))
Trend -7.792e(-04)%**
(1.808e(-04))
Clustered SE Y
Observations 2212

Notes: Standard errors in parentheses. The number of observations in this table is lower than the primary regressions
because this analysis is performed at the village level, not the household level.

Star values: * 0.10 ** 0.05 *** (0.010.

log(pes) =0 Uy + f (Te) + e + 1+ €cn (2.24)

With this model, our goal is to test the null hypothesis that the marginal effect of u,; on the
expected count of uncharged households, p.;, is less than one. If the marginal effect is less than
one, then an increase in u;; will not result in an increase in the overall blackout rate p, +/u ., which
is what we use to define our dependent variable in our main regressions. We show the results in
Table 2.3.

One more household using electricity services is associated with an increase in 1.7% points
in the number of connected households that were not charged (exp(0.01769906)=1.017857). The
mean number of non charged households is 8.93 per month, therefore an increase of 1.7% would

mean an average increase of 0.16 uncharged households.

we rely on the fixed effects under the assumption that villages are so close by that they are subject to the same
weather. To account for correlated error terms, we use a sandwich estimator to calculate standard errors clustering
by village.
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Table 2.3: Modelling Uncharged households

(D
Poisson
Number of active users 0.0177%**
(0.0001)
Household FE Y
Month by year FE Y
Clustered SE Y
Observations 75,756

Notes: Standard errors in parentheses, clustered by Village. The number of observations in this analysis is larger than
the primary regressions because this analysis is performed at the daily level rather than the monthly level.

Star values: * 0.10 ** 0.05 *** (0.010.

The 95% CI for the coefficient associated with total number of households is [0.0174, 0.0180],
meaning one more connected household is associated with an increase in a range between [1.76%,
1.88%] (95% CI), or of between 0.157 and 0.162 (95% CI) non charged households. Therefore, an
increase in uy; will not result in an increase in the rate p./uy; and we can conclude that daily or

monthly congestion is not a significant factor in the determining the blackout rate.

2.5 Results

2.5.1 Technology Adoption

We estimate Equations 2.3 and 2.4 using a logit and a linear model respectively, testing the
different learning models discussed in Sections 2.3.1 and 2.4.1. Table 2.4 displays the results of
estimating a logit model while Table 2.5 displays the results of estimating a linear model. Columns
1 and 2 of each table include only the blackout rates in the previous 1 to 2 periods. Column 3,
however tests whether longer term information is important by including the average blackout rate
since servicing began in the village and ¢ — 1. Columns 4 and 5 include both short term and long
term information, blackout rates in the previous two periods and average blackout rates since the
beginning of the service provision, to test for the robustness of short versus longer sighted learning

models.
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Table 2.4: Probability of Adoption

ey 2) 3) 4 )
Logit Logit Logit Logit Logit

Blackout rate (¢ — 1) -1.4118 -1.643* - -1.323*% -1.373%
(1.2639) (0.851) - (0.789) (0.800)
Blackout rate (t — 2) - 1.293 - - 0.140
- (0.692) - - (0.821)
Avg. Blackout rate (¢t — 1) - - 1.308* - -
- - (0.781) - -
Avg. Blackout rate (t — 2) - - - 1.030 -
- - - (0.630) -
Avg. Blackout rate (t — 3) - - - - 0.995
- - - - (0.681)
Household FE Y Y Y Y Y
Month by year FE Y Y Y Y Y
Village Time Trend Y Y Y Y Y
Clustered SE Y Y Y Y Y
Observations 23,196 22,113 23,196 21,030 21,030

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-month.

Star values: * 0.10 ** 0.05 *** (0.010.

Table 2.5: Probability of Adoption - Linear model

(D (2) 3) 4) )
OLS OLS OLS OLS OLS
Blackout rate (t — 1) -0.12599%* -0.094385%* - -0.09605** -0.09885%**
(0.04816) (0.042962) - (0.04493)  (0.04504)
Blackout rate (t — 2) - -0.008288 - - -0.02268
- (0.053984) - - (0.05415)
Avg. Blackout rate (t — 1) - - -0.1355 - -
- - (0.1766) - -
Avg. Blackout rate (t — 2) - - - 0.11172 -
; - - (0.14122) -
Avg. Blackout rate (t — 3) - - - - 0.05280
- - - - (0.14598)
Household FE Y Y Y Y Y
Month by year FE Y Y Y Y Y
Clustered SE Y Y Y Y Y
Observations 23,196 22,113 23,196 21,030 21,030

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-month.

Star values: * 0.10 ** 0.05 *** 0.010.

57



Our results, in Table 2.4 (logit model) and in Table 2.5 (linear model), provide evidence that an
increase in the rate of blackouts during the previous month decreases the probability of adoption.
Furthermore, households seem to be making short sighted decisions as we do not find evidence
that the rate of blackouts during ¢ — 2 is association with the probability to connect in month ¢, nor
does the average blackout rate since the beginning of service. The results from the linear model
allow for easy interpretation of the marginal effects. In an extreme case where, in a given month,
every day there was a blackout, the probability to connect would decrease by approximately 10%,
depending on the preferred specification.

Table 2.6 show the result for the model derived from the first hypothesis from the Bayesian
Learning model, expressed in Equation 2.5. We found no evidence of the variance (¢?) affecting

the way new information is processed when making adoption decisions.

Table 2.6: Probability of Adoption - Bayesian Learning first testable hypothesis

(D (2) 3)
OLS OLS OLS
Blackout rate (¢1) -0.13227* -0.090790 -
(0.07074) (0.062733) -
Blackout rate (#2) - -0.004999 -
- (0.060272) -
Avg. Blackout rate (¢1) - - -0.1951
- - (0.3146)
Variance per site:Blackout rate (¢1) 0.45970 -0.253181 -
(2.46786) (2.101530) -
Variance per site:Blackout rate (¢2) - -0.228588 -
- (1.947711) -
Variance per site:Avg. Blackout rate (¢1) - - 4.4287
- - (14.1587)
Household FE Y Y Y
Month by year FE Y Y Y
Clustered SE Y Y Y
Observations 23,196 22,113 23,196

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-month.

Star values: * 0.10 ** 0.05 *** (0.010.
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Table 2.7 shows the result of the regression model derived from the second hypothesis from the
Bayesian Learning model, expressed in Equation 2.6. As with the first Bayesian hypothesis, we

find no statistically significant evidence of Bayesian learning.

Table 2.7: Probability of Adoption - Bayesian Learning second testable hypothesis

(1 2) 3)
OLS OLS OLS
Blackout rate (1) -0.178695 -0.081160 -
(0.113390) (0.095642) -
Blackout rate (£2) - 0.017542 -
- (0.088946) -
Avg. Blackout rate (¢1) - - -0.23257
- - (0.24386)
Time since opening:Blackout rate (1) 0.004258 -0.001014 -
(0.007719) (0.006757) -
Time since opening:Blackout rate (¢2) - -0.001929 -
- (0.007123) -
Time since opening:Avg. Blackout rate (¢1) - - 0.02561
- - (0.02470)
Household FE Y Y Y
Month by year FE Y Y Y
Clustered SE Y Y Y
Observations 23,196 22,113 23,196

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-month.

Star values: * 0.10 ** 0.05 *** (0.010.

2.5.2 Probability of Disadoption

Next, we estimate equations 2.7 and 2.8 using a logit and a linear model respectively, testing the
different learning models discussed in Sections 2.3.1 and 2.4.1. Our results, in Tables 2.8 and 2.9,
provide no evidence that an increase in the blackout rate during the previous month increases the
probability of permanent disadoption by connected customers, regardless of the learning model.
The linear model does, however, provide some weak evidence that longer term blackout rates affect

the decision to dis-adopt.
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Table 2.8: Probability of Disadoption - Logit Models

(1 2) 3) 4
Logit Logit Logit Logit

Blackout rate (t — 1) 0.507 0.297 - -
(0.901) (1.153) - -
Blackout rate (¢ — 2) - 0.695 - -
- (1.307) - -
Avg. Blackout rate (¢t — 1) - - -0.053 -
- - (0.449) -
Avg. Blackout rate since connected (t — 1) - - - 0.266
- - - (3332
Household FE Y Y Y Y
Month by year FE Y Y Y Y
Clustered SE Y Y Y Y
Observations 15,492 15,009 15,492 15,492

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-month.

Star values: * 0.10 ** 0.05 *** (0.010.

Table 2.9: Probability of Disadoption - Linear Models

(1) (2) 3) 4)
OLS OLS OLS OLS
Blackout rate (t — 1) 0.06188  0.05439 - -
(0.04831) (0.05148) - -
Blackout rate (¢ — 2) - 0.05413 - -
- (0.05505) - -
Avg. Blackout rate (¢t — 1) - - 0.3418* -
- - (0.1813) -
Avg. Blackout rate since connected (¢ — 1) - - - 0.29427%*
- - - (0.1323)
Household FE Y Y Y Y
Month by year FE Y Y Y Y
Clustered SE Y Y Y Y
Observations 15,492 15,009 15,492 15,492

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-month.

Star values: * 0.10 ** 0.05 *** 0.010.

Table 2.10 displays the result for the model derived from the first hypothesis from the Bayesian
Learning model, expressed in Equation 2.9. Again, we find no conclusive evidence of the variance

(0?) affecting adoption decisions.
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Table 2.10: Probability of Disadoption - Bayesian Learning first testable hypothesis

ey ) 3) 4
OLS OLS OLS OLS
Blackout rate (¢1) 0.02634  0.05062 - -
(0.06193) (0.05824) - -
Blackout rate (¢2) - -0.11431%* - -
- (0.05120) - -
Avg. Blackout rate (1) - - 0.05297 -
- - (0.23607) -
Avg. Blackout rate since connected (¢1) - - - 0.05608
- - - (0.17601)
Variance per site:Blackout rate (¢1) 217324 -0.44493 - -

(3.42262) (2.45472) - -

Variance per site:Blackout rate (¢2) 11.01559%:#* - -

- (2.01096) - -
Variance per site:Avg. Blackout rate (¢1) - - 20.55544 -

- - (11.86071) -
Variance per site:Avg. Blackout rate since connected (¢1) - - - 17.84118*

- - - (9.70546)
Household FE Y Y Y Y
Month by year FE Y Y Y Y
Clustered SE Y Y Y Y
Observations 15,492 15,009 15,492 15,492

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-month.

Star values: * 0.10 ** 0.05 *** 0.010.
Table 2.11 displays the result of the model derived from the second hypothesis from the
Bayesian Learning model, expressed in Equation 2.10. We found no statistically significant ev-
idence that the time as a costumer affects the way new information is processed when making

disadoption decisions.

2.5.3 Time to Re-purchase Electricity (Reconnection)

In this section, we present the results of estimating the models developed in Section 2.4.2. We
estimate Equation 2.17 using a series of distributional assumptions and levels at which we cluster
standard errors. Furthermore, we also include a model in which we control for the number of times

a household reached zero balance.
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Table 2.11: Probability of Disadoption - Bayesian Learning second testable hypothesis

ey 2) 3 “
OLS OLS OLS OLS
Blackout rate (¢1) -0.009175  0.035522 - -
(0.086625) (0.089462) - -
Blackout rate (¢2) - -0.070432 - -
- (0.057888) - -
Avg. Blackout rate (¢1) - - 0.17466 -
- - (0.16304) -
Avg. Blackout rate since connected (1) - - - 0.10588
- - - (0.12404)
Time since opening:Blackout rate (1) 0.006105  0.001247 - -
(0.005221) (0.005076) - -
Time since opening:Blackout rate (¢2) - 0.010679%** - -
(0.003869) - -
Time since opening:Avg. Blackout rate (¢1) - - 0.04204%** -
- - (0.01899) -
Time since opening: Avg. Blackout rate since connected (1) - - - 0.04282%*
- - - (0.02162)
Household FE Y Y Y Y
Month by year FE Y Y Y Y
Clustered SE Y Y Y Y
Observations 15,492 15,009 15,492 15,492

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-month.

Star values: * 0.10 ** 0.05 *** 0.010.

Our results, in Table 2.12, indicate that an increase in the rate of blackouts during the waiting
period (observed through peers’ experiences, m. ) and during the previous consumption period

(experienced personally, m. ;1) increases the time it takes to reconnect.

Table 2.12: Time to Reconnection

(D (2 3 4 )] (6)

OLS Poisson NB OLS Poisson NB
Blackouts rate previous consumption (m;—1) 6.988*** 0.67348*** (0.60299*** 6.988*** (.67348*** (.60299***
(1.882) (0.02725) (0.09654) (2.000) (0.02725) (0.09654)
Blackouts rate while balance is zero (m.;) 8.448***% (,87816%** 1.41623*** 8 448*** () 87816%*** 1.41623***
(1.571) (0.01730) (0.06202) (1.025) (0.01730) (0.06202)

Household FE Y Y Y Y Y Y
Month by year FE Y Y Y Y Y Y
Clustered SE Site Y Y Y N N N
Clustered SE Household N N N Y Y Y
Observations 39,763 39,763 39,763 39,763 39,763 39,763

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-waiting period.

Star values: * 0.10 ** 0.05 *** (0.010.
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Given any distributional assumption and levels at which we cluster standard errors, an increase
in the rate of blackouts during the waiting period (closer in time but not personally experienced)
has a larger effect than an increase in the rate of blackouts during the previous consumption period.
Furthermore, in Table 2.13 we show the results for a model in which we interact the two rates of
blackouts with a variable counting the number of waiting periods, showing that the effect of the

blackout rate during the waiting period slowly decreases the longer the household has been without

service.
Table 2.13: Time to Reconnection - Controlling for the number of waiting periods
(1 2 3)
OLS Poisson NB
Blackouts rate previous consumption (m;_1) 8.8912687*** (0.6763657*** (.7262%**
(2.5994818)  (0.0386821) (0.1403)
Blackouts rate while balance is zero (m.;) 11.7906212%%* 1.0654686***  1.720%**
(2.2382660)  (0.0263299)  (0.09262)
Number of waiting period 0.0003486 -0.0002325**  0.000435
(0.0027223)  (0.0001029) (0.0026)
Number of waiting period: Blackouts rate previous consumption  -0.0592812 -0.0003141 -0.0037

(0.0362565)  (0.0010031)  (0.00297)
Number of waiting period: Blackouts rate while balance is zero -0.0853785%** -0.0058621*** -0.00790%**
(0.0253058)  (0.0006486)  (0.001790)

Household FE Y Y Y
Month by year FE Y Y Y
Clustered SE Site Y Y Y
Observations 39,763 39,763 39,763

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-waiting period.

Star values: * 0.10 ** 0.05 *** (0.010.

Tables 2.14 and 2.15 show the results of testing the first and second Bayesian hypotheses with
respect to the time to re-purchase model. These results are not conclusive and not especially clear.
On the one hand, it seems that given certain distributional assumptions, there is an association be-
tween the variance (o) and the way a costumer uses new information about reliability. We expect
this association to be negative, as the Bayesian Learning model assumes the larger the variance,
the less valuable are new draws from a distribution. If we look only at significant coefficients,

the relationship is negative for the older and personally experienced information and positive for
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the more recent and observed information. These results can be explained as randomness or there

could be an underlying behavioral explanation yet to unfold.

Table 2.14: Time to Reconnection - Bayesian Learning 1st hypothesis

(1) (2) 3)
OLS Poisson NB
Blackouts rate previous consumption (172;—1) 6.000%*  (0.6539*** 5 825e-01%**
(2.457)  (3.276e-02)  (1.152e-01)
Blackouts rate while balance is zero (m.;) 6.265%** 7.550e-01*** 1.131e+00***
(1.571) (2.271e-02)  (7.908e-02)
Variance per Site : Blackouts rate previous consumption  9.170 -2.463%* 1.854
(129.992) (1.117) (4.639)
Variance per Site : Blackouts rate while balance is zero ~ 157.122  7.752%** 20.49%#*
(122.270)  (0.9690) (3.965)
Household FE Y Y Y
Month by year FE Y Y Y
Clustered SE Site Y Y Y
Observations 39,763 39,763 39,763

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-waiting period.

Star values: * 0.10 ** 0.05 *** (0.010.

Table 2.15: Time to Reconnection - Bayesian Learning 2nd hypothesis

(D (2 3
OLS Poisson NB
Blackouts rate previous consumption (1. ;_1) -0.965360 -2.571e-01***  -0.1514423
(3.360258) (5.938e-02) (0.1943158)
Blackouts rate while balance is zero (m..;) 11.253962%** 1.228%%% 1.7401439%**
(3.344357) (3.598e-02) (0.1253054)
Days since first connection 0.020157**  2.020e-03*** (0.0018602%**

(0.008979)  (2.014e-04)  (0.0006379)
Days since first connection : Blackouts rate previous consumption 0.016061**  1.811e-03*** 0.0014686%**

(0.006280)  (9.895e-05)  (0.0003370)
Days since first connection : Blackouts rate while balance is zero -0.005438  -6.607e-04*** -0.0006778%***

(0.005203)  (6.282e-05)  (0.0002155)

Household FE Y Y Y
Month by year FE Y Y Y
Clustered SE Site Y Y Y
Observations 39,763 39,763 39,763
39,763 39,763 39,763

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-waiting period.

Star values: * 0.10 ** 0.05 *** (0.010.
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2.5.4 Amount Purchased

When we look at the amount purchased (Equation 2.18) rather than at the time it takes to re
purchase pre-paid electricity, we find no evidence (Table 2.16) of an association between the rate
of blackouts during the waiting period or during the consumption period and the amount purchased

(Results displayed in Table 2.16).

Table 2.16: Amount Purchased

(1
OLS
Blackouts rate previous consumption (m.;—1) 3.963
(32.065)
Blackouts rate while balance is zero (m..;) -9.812
(15.723)
Household FE Y
Month by year FE Y
Clustered SE Y
Observations 39,763
R-squared 0.3212

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-waiting period.

Star values: * 0.10 ** 0.05 *** (0.010.

Finally, Table 2.17 displays the results of the Bayesian learning tests on the amount purchased.

2.5.5 Results Summary

Our results provide evidence that electricity service unreliability can negatively impact electric-
ity service adoption rates and electricity usage. First of all, an increase in the blackout rate during
the previous month decreases the probability of adoption. Households respond significantly more
to more recent information. Specifically, households respond to the blackout rate in ¢ — 1 but not
the blackout rate two months prior (¢ — 2). We also find no evidence that longer term information,
such as the simple average of the blackout rate since the beginning of service, affects the proba-

bility of adoption. We also did not find evidence that an increase in the blackout rate during the
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Table 2.17: Amount Purchased - Bayesian Learning 1st and 2nd hypotheses

(1) (2)
OLS OLS
Blackouts rate previous consumption (1. ;_1) -3.967 12.51024
(30.469) (79.78164)
Blackouts rate while balance is zero (m.,;) -29.814  -15.84701
(21.220) (37.83225)
Variance per Site : Blackouts rate previous consumption 1338.655 -
(923.559) -
variance per Site : Blackouts rate while balance is zero 1621.398 -
(1232.512) -
Days since first connection : Blackouts rate previous consumption - -0.01753
- (0.13912)
Days since first connection : Blackouts rate while balance is zero - 0.01226
- (0.06118)
Household FE Y Y
Month by year FE Y Y
Clustered SE Site Y Y
Observations 39,763 39,763

Notes: Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-waiting period.

Star values: * 0.10 ** 0.05 *** 0.010.
previous month increases the probability of disadoption of connected customers, regardless of the
learning model.

To look for evidence of Bayesian learning in both adoption and disadoption models, we tested
the interaction between the household specific experience (time since site availability or time as
a customer) and the different ways we assume a household can learn, finding no clear evidence
of a decline in the value given to observed information based on experience. We also tested the
interaction between the variance observed in the site and the different ways we assume a household
can learn, finding no clear evidence of a decline in the value given to observed information based
on the site specific variance of reliability.

An increase in the blackout rate during the waiting period (observed through peers’ experi-
ences) and during the previous consumption period (experienced personally) increases the time it

takes to reconnect, with a larger effect for an increase in the blackout rate during the waiting period
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(closer in time but not personally experienced). Finally, we find no evidence of a negative associ-
ation between the blackout rate during the waiting period or the previous consumption period and

the amount purchased.

2.6 Conclusions and Discussion

Our findings on adoption decisions are aligned with what was predicted in our theoretical
model: expected utility is negatively affected by unreliability, which causes households to pur-
chase fewer electricity days. Furthermore, we confirm that households learn about technology
quality through their own unreliability experiences and through observation of peer experiences
with unreliability.

There are several possible explanations for the lack of statistical evidence on the association
between long term disadoption decisions and experienced reliability that are consistent with the
theoretical model. First of all, the value given to having access to electricity (7;) could increase
as the household has access to electricity for a certain period of time, even though this was not
a feature of our model. If this is the case, we might not have the power to detect the smaller
effect reliability would have on the probability to disadopt. Furthermore, because of the fixed
costs, the cost of electricity (C') is declining in the time since the household became a customer.
These findings are consistent with what we observed in a surveyed sample of households from
MeshPower’s service area (see Appendix), where the majority of customers who dis-adopted stated
that they did so because they had access to other sources of electricity or because of their economic
situation. Overall, the customers’ perception of the reliability of MeshPower is as good or better
than expected. However, the model studying the time it takes a household to re-purchase electricity
yielded the most robust results. As we discussed before, it can be seen as a temporal and reversible
disconnection, and we found evidence of the rate of blackouts, not only experienced but also
observed, affecting these decisions.

We found substantial evidence that households place more weight on recent information than

information from several periods prior. This suggests that improving the service reliability can
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quickly change peoples’ perceived benefits, so demonstrations, free trials, etc. could be an effective
way to improve the adoption of electricity services. We did not find evidence of Bayesian learning,
consistent with previous literature using experimental settings [Charness and Levin, 2005, Zizzo
et al., 2000].

We provide empirical evidence to support the claim in Lee et al. [2018] that reliability can
be a factor in explaining the difficulty of assuring universal electricity adoption in rural areas of
the developing world [Eder et al., 2015, Miiggenburg et al., 2012, Shyu, 2013]. Furthermore,
we provide a new context in which peer experience can undermine adoption efforts of apparently
beneficial technology, as in Adhvaryu [2014]. Our results also suggest that the low willingness to
pay (WTP) for electricity services found by Lee et al. [2016] and by Grimm et al. [2019] might be
driven in part by low reliability.

Our results are complementary to Sedai et al. [2020] and Meles [2020], as they quantified the
cost of blackouts for connected household but they did not look at the effect of blackouts on the
decisions at the extensive or intensive margins of electricity consumption.

Next, evidence that households learn from neighbors suggests the existence of an option value
to waiting to adopt [Ansar and Sparks, 2009]. Because information on the quality of electricity
services is a public good, there exists an economic argument for subsidizing initial connections that
produce information. Furthermore, if experiences with technology from one firm inform beliefs
about other firms’ products, this collective reputation (Winfree and McCluskey [2005]) can lead to
underinvestment in reliability and slower adoption over time. This suggests a benefit to establishing
clear technology standards that lead to socially optimal levels of investment in quality, particularly
when the private sector plays a large role in rural electrification efforts. Nonetheless, our findings
indicating that adoption decisions are affected mostly by recent reliability outcomes, increasing the
noise associated with the public information, suggest that learning from experience can exacerbate
the inefficiency of adoption paths.

Finally, our study is not without limitations. For instance, we did not have access to data related

to the intensity of the electricity usage or to actual outages. Future studies should rely on higher
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frequency data to understand the short term effects of outages on the intensive margin. On the other
hand, to properly study how households learn from peers, having access to geo-localized data at
the household level would allow researchers to properly capture the effects of the neighboring

customers on non-customers.
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Chapter 3
The Effect of Pollution on Crime and Anti-Social

Behavior in the United Kingdom

3.1 Introduction

Scientific literature has identified the impact of short-term pollution exposure on crime in the
United States (US) [Burkhardt et al., 2019b, Herrnstadt et al., 2020, Lu et al., 2018] and in the
United Kingdom (UK) [Roth et al., 2020], shedding light on a previously overlooked cost of pol-
lution. Causal mechanisms explaining the association between crime and pollution are not fully
understood. Research in epidemiology indicates a biological mechanism such that pollution expo-
sure can have short-term effects on cognitive skills, anxiety, and certain behaviors associated with
criminal or violent activities [Kioumourtzoglou et al., 2017, Lu et al., 2018, Power et al., 2015].
While the economic literature has quantitatively demonstrated the phenomena, there is little evi-
dence of the mechanisms driving the relationship.

To better understand the relationship between criminal activity and pollution, this study uses
dis-aggregated counts of offenses from the UK to determine which types of crimes are associated
with pollution, including offenses that are not formally crimes. Our primary hypotheses are a
natural evolution of previous work on this topic. We hypothesize that pollution affects criminal
behavior through two channels. First, Burkhardt et al. [2019a] finds that changes in P M5 5 only
affect the propensity for violent crimes with an emphasis on assaults, a form of impulsive and
extremely aggressive behavior. This work combined with previous work in epidemiology suggests
that fine particulate matter air pollution (PMs;5) can induce biological processes, like systemic
inflammation, which could potentially exacerbate aggressive behavior [Brook et al., 2004, Cun-
ningham et al., 2009, Donaldson et al., 2001]. We hypothesize that if increased aggression is the

key mechanism behind the crime-pollution relationship, then we should find a similar relationship
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between pollution and a lesser form of aggression, namely anti-social behaviour (ASB).'® Second,
in contrast to Burkhardt et al. [2019a], Roth et al. [2020] find that pollution in the UK affects not
only violent crime, but also crimes that are economically motivated with larger effects on those that
are spontaneous. Based on the rational choice theory of crime model proposed by Becker [1968],
Roth et al. [2020] derives a simple utility based decision model and concludes that the mechanism
explaining the association between crime and pollution is that pollution exposure increases the of-
fender’s discount rate, which reduces the present expected costs of future punishment. Our second
hypothesis follows this alternative strand of research and as such, we test whether we can identify
the effect of pollution on economically motivated crimes at a more aggregate level using similar
data from the UK. Combined, the results of these tests shed further light on the mechanisms driving
the association between pollution and crime.

Using a fixed effects model to explain the relationship between pollution and offenses, by
month and by local authority district (LAD), we found evidence of an association between pollu-
tion and the rates of "Burglary" and "Robbery", and a relatively weak association with ASB and
"Violence and Sexual Offenses". We could not find evidence of an association between pollution
and "Public Order". Thus we find little evidence to support the hypothesis that pollution increases
aggression in the UK. Instead, our results support previous findings that indicate pollution exposure
in the UK increases the propensity to commit economically motivated crimes [Roth et al., 2020].
Our results indicate that pollution in the UK may affect cognitive functions causing a change in
the parameters of an offender’s utility function, but it does not appear to substantially influence the
probability of aggression.

This paper contributes to the crime and the economics literature in several ways. First, we

provide more empirical evidence on the association between pollution and crime. In the US, this

181n the UK, local police forces report not only crimes but, as defined by the Antisocial Behaviour Act from 2003,
“behavior by a person which causes, or is likely to cause, harassment, alarm or distress to persons not of the same
household as the person”. As a punishment for ASB, one can receive a civil injunction, Community Protection
Notice (CPN) or Criminal Behaviour Order (CBO), or an Anti-social behaviour order (ASBO) [Government, 2020].
ASB covers a wide range of unacceptable activity that causes harm to an individual, to their community or to their
environment, including nuisance, rowdy or inconsiderate neighbors, vandalism, graffiti and flyer posting, environ-
mental damage including littering, dumping of rubbish and abandonment of cars, etc.
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association has been consistently identified using different data sets and aggregation levels. While
Lu et al. [2018] document correlation between air pollutants and crime rates measured annually
in almost 10,000 US cities, Herrnstadt et al. [2020] and Burkhardt et al. [2019a] identified this
association using data for several US cities and for 99% of the US counties respectively. Finally,
Burkhardt et al. [2019b] uses daily data to identify the association in 391 counties in the United
States. Outside the US, Roth et al. [2020] used daily data to study the relationship for a two-year
period in London. In our work, we replicate the findings of Roth et al. [2020] using a different
data set, where offenses were aggregated to the month level and locations were "jittered" to favor
anonymity [Tompson et al., 2015], serving future researchers efforts to understand crime events
using the publicly available data instead of the data of limited availability that Roth et al. [2020]
had access to.

Second, by studying the association between different offenses (crimes and ASB) and pol-
lution, we shed light on potential mechanisms. Based on our theoretical model, we argue that
pollution can decrease a criminal’s will to perform alternatives activities, or it can change the
difference between the reward and the discounted punishment. Both options are consistent with
epidemiological literature indicating that pollution exposure can affect cognitive skills, anxiety,
and certain behaviors associated with criminal or violent activities [Kioumourtzoglou et al., 2017,
Lu et al., 2018, Power et al., 2015]. Interestingly, we find little evidence that ASB is associated
with pollution levels in the UK. This finding is surprising in light of research on US crimes and
pollution, and indicates further research in the US is warranted.

A third strand of literature has studied if certain demographic characteristics can influence the
relationship between pollution and offenses. Burkhardt et al. [2019a] tested for heterogeneity in
the association across socio-demographic and regional dimensions, concluding the most important
explanatory factor in the relationship between pollution and crime is age, and the results are not
ameliorated by higher incomes. Roth et al. [2020], on the other hand, used housing prices as
a proxy for wealth and found a U-shape relationship where the effects are largest at the tails of

the housing price distribution. Building on these findings, we tested if the percentage of young

72



males (those more likely to commit aggressive acts) and the percentage of non-domestic electricity
consumption (a proxy for how residential a LAD is) modify the association between offenses and
crime. We found only weak evidence that these two demographics characteristics affect the rate of

"Violence and Sexual Offenses".

3.2 Theoretical Model

Several in the economics literature have used utility theory to propose a rational choice model
to explain crime, the most well-known being Becker [1968]. In this paper, we build on a model
developed by Roth et al. [2020]. The primary assumption is that agent ¢ would commit a crime (C)
if the expected utility of committing the crime is larger than the utility of not committing the crime

(NC), as in Equation 3.1.

E[UY(C)] > U (NCO) (3.1

If agent ¢ decides to commit a crime, there is a given probability p of getting caught. Therefore:

E[UY(C)] = p U(C)|Caught + (1 — p) U(C)|Not Caught > U"(NC) (3.2)

Assuming that there is a reward for the crime (R“) and a probable discounted future punish-

ment (3 P), the final mathematical model is as shown in Equation 3.3:

pU(R® — B P)+ (1 —p) U(R) > U(NC) (3.3)

We believe this model is valid for both crimes and ASB decisions. Though ASB are not for-
mally crimes, a court may give anyone a civil injunction or a Community Protection Notice (CPN)
if the court receives reports of persistent ASB from the police, a council or a landlord. For exam-
ple, a court may order an offender to stay away from a particular place, stop spending time with
certain people, work on improving behaviour, or fix damage caused to a victim’s property. Failing

to comply can result in more severe punishments, including imprisonment [Government, 2020].
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Moreover, utility theory assumes that if an agent engages in certain behavior, it is because that
agent receives utility from the behavior. Even when ASB rarely has an economic motivation that
can be easily translated into personal well-being, the same can be said about certain crime types,
such as assaults or public order crimes.

Based on the proposed model, we can propose mechanisms through which pollution might
affect crime (and ASB). First, pollution might affect the left-hand side of the inequality in Equation
3.3 if it alters the difference between the reward and the discounted punishment. Second, pollution
might affect the right-hand side of the inequality by decreasing the utility of the alternative activity
to committing a crime (NC). Third, it might decrease the concavity of the utility function (risk
seeking behaviour) and fourth, it might change the probability of getting caught.

To tease out the potential mechanisms, we consider three types of offenses: economically
motivated crimes, crimes associated with aggressive and violent behavior, and offenses associated
with aggressive and violent behavior that are not formally crimes. If the effect is homogeneous
across the types of offenses, we believe we cannot disentangle the importance of the competing
mechanisms. If the effect is not homogeneous across these three types, it is less likely that the
mechanism is through the level of risk (p) or through the level of risk aversion (concavity of the
utility function), as the changes would affect all crime types. If the effect is mostly associated with
aggressive and violent behavior, it favors the idea that the mechanism is through increasing the
utility of the criminal activity. If the effect is mostly on economically motivated crimes, it favors the
idea that the mechanism is through the decrease of the utility of the alternative activity or through
decreasing the discount rate of future punishment. Possible results and favored mechanisms are

summarized in Table 3.1.

Table 3.1: Mechanism favored by each possible result

Possible result Favored Mechanism
Homogeneous effect across offenses. We cannot disentangle the competing mechanisms.
Heterogeneous effect across offenses Less likely through level of risk (p) or risk aversion

Mostly on activities associated with aggressive behavior ~ More likely through increasing the utility of the criminal activity
More likely through the decrease of the utility of the alternative
activity or through decreasing the discount factor of future punishment

Mostly on economically motivated crimes
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In the Conclusions section, we discuss the mechanisms based on our quantitative results.

3.3 Data

3.3.1 Crime and ASB

Data on crime and ASB counts is publicly available from Police.uk, the site for open data about
crime and policing in England, Wales and Northern Ireland. Police.uk centralizes the access to data

reported from 45 police agencies, as shown in Figure 3.1.

Figure 3.1: Map of Police Agencies.

The data set is a collection of events. Each agency is responsible for reporting in their area,

including geo-location of the events. Police.uk, seeking to preserve anonymity by rounding up the

time stamps to the monthly level and adding noise to the incident coordinates by allocating each
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event to the closest "snap point" out of a list of 750,000 locations in the UK [Tompson et al., 2015].
Thus, we do not know the precise location or time each crime occurred.

From May 2013 onward, Police agencies report 16 Types of offenses: "Anti-social Behaviour",
"Bicycle Theft", "Burglary", "Criminal Damage and Arson", "Drugs", "Other Crime", "Other
Theft", "Possession of Weapons", "Public Order", "Robbery", "Shoplifting", "Theft from the per-
son", "Vehicle Crime" and "Violence and Sexual Offenses".

To disentangle mechanism and test our hypotheses, we compare crime types that we believe are
different in nature. As such, we focus on ASB (low-level aggressive behavior that is not technically
a crime), "Public Order" (POC), "Violence and Sexual Offenses" (VSO) (higher-level aggressive
behavior that is a crime), and "Burglary" (BUR) and "Robbery" (ROB) (economically motivated
crimes).

As categories changed over time, the initial date for the different counts varies. Table 3.2 shows

how and when the classification changed.

Table 3.2: Crime Types reporting across time.

Crime Type December 2010  September 2011  April 2013  May 2013
Anti-Social Behaviour Y Y Y Y
Burglary Y Y Y Y
Robbery Y Y Y Y
Public Order Y Y Y Y
Violent Crime Y Y Y N
Violence and Sexual Offenses N N N Y

Police agencies began reporting ASB, BUR and ROB in December 2010. POC was first
recorded in May 2013. "Violent Crime" was renamed VSO in May 2013, so we renamed the
incidents classified as "Violent Crime" as VSO so that the panel starts in December 2010."°

UK Police agencies upload, in every month ¢, a list of the crime events that happened between

t — 2 and t — 38. In other words, they upload 36 months of data with a lag of 2 months. This

YViolent crimes included sexual offenses prior to 2013.
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means that every time they upload new data, Police.uk is uploading one new month and updating
what happened in the previous 35 months. Crime events for one specific month are then reviewed
35 times after they were published for the first time.

To understand how reliable each version is, in Figure 3.2 we show how much a count changed,

on average, every time it was updated.

06-

0.3-

‘Average % difference with first realease’

0.0~
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Figure 3.2: Average percentage difference with the first release as a count is updated

Figure 3.2 shows that counts do not change much on average. After 36 versions, the crime
counts changed less than 0.7% relative to the original uploaded value. The spike we observe in the
35th version is driven by a large correction in one specific agency that was "re-corrected" in the
next version (the 36th), ending with the same value as they had in the 34th version. Nevertheless,
the average hides the fact that some counts did change considerably (up to 74%) while 92% of
counts did not change. As our sample ends in December 2018 and we used the last available
version, all our reported counts were validated at least 15 times.

We use LADs as the observational unit for two main reasons: previous research has shown that
due to the spatial "jittering" performed by police.uk to preserve anonymity, the spatial accuracy

of the data is very good at the LAD level, but not so much at a more disaggregated level such as
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the postal code [Tompson et al., 2015].2° Second, at the LAD level, the UK Office for National
Statistics (ONS) has demographic and socioeconomic data available that we make use of.

In the UK, there are 382 LADs (326 in England, 22 in Wales, 11 in Northern Ireland and 32 in
Scotland), and their size and population differ across regions. Figure 3.3 shows the LADs across

the UK, and the agency in which it is located.

Figure 3.3: Police Agencies, Local Authority Districts (LADs) and Pollution Stations Map

3.3.2 Pollution

Pollution data are publicly available from the Department of Environment Food and Rural
Affairs, measured hourly by a network of monitoring sites across the UK. To create LAD-specific

observations, we use an average of the measurements from the 5 closest monitoring sites, weighted

20pgstal codes are smaller than LADs.
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based on the distance to the LAD’s centroid. For our analysis we use the monthly average and the
average of the daily maximums for P, 5 and Ozone.

Figure 3.3 shows the location of the pollution stations across the UK, shedding light on the
relative distance of each LAD to the closest pollution station. Site specific PM pollution is at best
very weakly correlated with pollution measurements that are conducted more than 20 kilometers
away from a particular site [EPA, 1997]. Therefore, we remove every LAD for which the closest

pollution station is further than 20 kilometers away.

Table 3.3: Summary Statistics - Distance to Pollution Stations

Statistic Mean St. Dev. Min Pctl(25) Pctl(75) Max
Distance (km) Every LAD (Population) 14.1 12.8 0.3 4.8 19.2 83.0
Distance (km)  Pollution station within 20 km 8.8 5.6 0.3 3.7 13.1 20.0

The first row of Table 3.3 displays summary statistics of the distance to the closest pollution
station for all LADs. As the 75! percentile is very close to 20 kilometers, we are including ap-
proximately 75% of the LADs in our analysis. The second row of Table 3.3 displays the summary
statistics of the distance to the closest pollution station once we exclude those LADs that where
further than 20 kms away from the closest pollution station. On average, the nearest pollution
monitoring station is 8km away from a LAD centroid.

Following [Roth et al., 2020], we transform the pollution variables (measured in ;g/m?) to an
Air Quality Index (AQI), according to the US EPA formula. AQI is an index that ranges from O to
500, measuring the level of Health Concern. An AQI value less than 50 represents good air quality
with little to no potential to affect public health. An AQI value between 51 and 100 indicates
a moderate health concern. An AQI between 101 and 151 represents unhealthy air quality for
sensitive groups. An AQI between 151 and 200 indicates everyone may experience some adverse

health effects. Finally, an AQI between 201 and 300 is very unhealthy for all group and an AQI over
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300 indicates the air quality is hazardous for all groups.?!. As in [Roth et al., 2020], we calculate
the monthly AQI for the monthly daily mean concentration of each pollutant (P M5 5 and O3), and
use the monthly AQI for the largest of the 2, under the assumption that the "binding" pollutant is
the one with the largest AQI. To test for robustness and to further understand the association, we
also we look at the percentage of days in a given month the mean daily AQI and the max daily AQI

has surpassed each threshold across levels of health concern.

3.3.3 Weather

Weather data are publicly available from the national meteorological service for the UK (The
Met Office), measured by a network of weather stations across the UK. As we did with pollution, to
create LAD-specific observations we use an average of the 5 closest weather monitoring stations,
weighted by the distance to the LAD’s centroid. For our analysis, we use the monthly average
of the daily max temperature, the monthly average of the daily min temperature and the monthly
average daily precipitation. Figure 3.4 shows that the density of weather stations across the UK is
larger than for pollution station.

Weather data are available up to the end of 2018, defining the end of the time series used in the

analysis.

3.3.4 Demographics

We use demographic data from the UK Office for National Statistics. Specifically, we use
LAD level population data (gender and ages), and on electricity consumption, disaggregated by
LAD, domestic and non-domestic. These two variables are important to account for time variant

characteristics at the LAD level that can affect crime rates.

21https://airnow.gov/index.cfm?action=aqibasics.aqi
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Figure 3.4: Location of Weather Stations Across the UK
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3.3.5 Summary statistics

Pooling all the LADs together, Table 3.4 shows the summary statistics for the count for each

crime type, including ASB, per 10,000 inhabitants and for pollution and control variables.

Table 3.4: Summary Statistics

Statistic N Mean  St. Dev. Min Pctl(25)  Pctl(75) Max

Anti Social Behaviour (# per 10.000 inhabitants) 23,108  19.17 12.59 0.06 10.65 24.00 120.75
Public Order (# per 10.000 inhabitants) 16,457  2.34 2.37 0.08 1.02 2.80 34.46
Violence and Sexual Offences (# per 10.000 inhabitants) 23,112 8.60 5.74 0.58 4.93 10.43 83.70
Burglary (# per 10.000 inhabitants) 23,094  5.53 2.75 0.06 3.58 7.02 72.60
Robbery (# per 10.000 inhabitants) 20,931 0.76 0.91 0.03 0.22 0.94 11.49
PMs; 5 AQI 23,112 69.59 15.50 30.00 59.00 77.00 153.00
03 AQI 23,112 3042 6.18 11.00 26.00 35.00 50.00
AQI 23,112 69.59 15.50 30.00 59.00 77.00 153.00
Mean P M, 5 (ug/m?®) 23,112 12.00 4.47 4.09 8.97 13.88 35.26
Max P M, 5 (ug/m?) 23,112 20.87 7.05 7.03 16.05 24.34 58.58
Mean O3 (ug/m?) 23,112 42.87 11.70 10.32 34.85 51.08 79.00
Max O3 (ug/m?®) 23,112 64.35 13.28 23.11 55.50 73.13 108.14
Mean Max temperature (C) 23,112 13.13 5.08 2.03 8.57 17.54 26.15
Mean Rain (mm) 23,112 4.04 9.15 0.00 1.29 3.33 185.99
Young Male Population (%) 23,112 0.08 0.02 0.03 0.07 0.08 0.15

Non-domestic Electricity Consumption (%) 23,112 094 0.02 0.87 0.93 0.96 0.99

Table 3.5 displays summary statistics for the percentage of days in a month AQI (from P M, 5,
O3 and both) surpasses each cutoff (50, 100, 150, 200 and 300), looking at both the average AQI
per day and the max AQI per day.

Table 3.5 shows that the vast majority of days had a max AQI of less than 100, which is the
cutoff for what it is considered "unhealthy", but the vast majority of days had a mean AQI of less
than 50, which is the limit for what it is considered good air quality. As we previously discussed,

the binding pollutant is almost always P M, 5.

3.4 Identification Strategy and Empirical Specification

Identifying the effect of Pollution on Crime and aggressive behaviour using observational data
has been a challenging endeavour. In the present setting, there are four major threats to identifica-

tion: 1) omitted variable bias, 2) measurement error, 3) sample selection, and 4) misspecification
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Table 3.5: Summary Statistics - AQI counts

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max
% of days max PMs, 5 AQI > 50 23,112 78.19 17.55 3.00 67.70 93.30 100.00
% of days max PM, 5 AQI > 100 23,112 10.80 13.50 0.00 0.00 16.67 80.65
% of days max PMs, 5 AQI > 150 23,112 2.34 5.04 0.00 0.00 3.20 52.00
% of days max PMs, 5 AQI > 200 23,112 0.03 0.33 0.00 0.00 0.00 7.00
% of days max PMs, 5 AQI > 300 23,112 0.003 0.10 0.00 0.00 0.00 3.00
% of days max O3 AQI > 50 23,112 1.54 4.19 0.00 0.00 0.00 39.00
% of days max O3 AQI > 100 23,112 0.08 0.51 0.00 0.00 0.00 13.00
% of days max O3 AQI > 150 23,112 0.00 0.04 0.00 0.00 0.00 3.00
% of days max O3 AQI > 200 23,112 0.00 0.00 0.00 0.00 0.00 0.00
% of days max O3 AQI > 300 23,112 0.00 0.00 0.00 0.00 0.00 0.00
% of days max AQI > 50 23,112 78.19 17.54 3.00 67.70 93.30 100.00
% of days max AQI > 100 23,112 10.84 13.47 0.00 0.00 16.67 80.65
% of days max AQI > 150 23,112 2.34 5.04 0.00 0.00 3.20 52.00
% of days max AQI > 200 23,112 0.03 0.33 0.00 0.00 0.00 7.00
% of days max AQI > 300 23,112 0.003 0.10 0.00 0.00 0.00 3.00
% of days mean P M, 5 AQI > 50 23,112 31.82 21.05 0.00 16.13 43.33 100.00
% of days mean PM,5 AQI> 100 23,112 245 5.37 0.00 0.00 3.20 45.00
% of days mean PMy5 AQI> 150 23,112  0.18 1.00 0.00 0.00 0.00 11.00
% of days mean PMy5 AQI>200 23,112  0.00 0.00 0.00 0.00 0.00 0.00
% of days mean PMy5 AQI>300 23,112  0.00 0.00 0.00 0.00 0.00 0.00
% of days mean O3 AQI > 50 23,112 0.002 0.09 0.00 0.00 0.00 3.00
% of days mean O3 AQI > 100 23,112 0.00 0.00 0.00 0.00 0.00 0.00
% of days mean O3 AQI > 150 23,112 0.00 0.00 0.00 0.00 0.00 0.00
% of days mean O3 AQI > 200 23,112 0.00 0.00 0.00 0.00 0.00 0.00
% of days mean O3 AQI > 300 23,112 0.00 0.00 0.00 0.00 0.00 0.00
% of days mean AQI > 50 23,112 31.82 21.05 0.00 16.13 43.33 100.00
% of days mean AQI > 100 23,112 2.45 5.37 0.00 0.00 3.20 45.00
% of days mean AQI > 150 23,112 0.18 1.00 0.00 0.00 0.00 11.00
% of days mean AQI > 200 23,112 0.00 0.00 0.00 0.00 0.00 0.00
% of days mean AQI > 300 23,112 0.00 0.00 0.00 0.00 0.00 0.00
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of the functional form of the regression, but they can all be summarized as endogeneity (correlation
between an independent variable and the error term).

Omitted variable bias means that the coefficients of the variables included in the model that are
correlated with the omitted variable are biased. In this specific setting, crime is likely correlated
with many explanatory variables that we do not observe, and those are likely correlated with some
of our predictors. A panel data model allows us to control for time-varying police force specific
unobservables.

The impact of measurement error depends on which variable is measured with error and the na-
ture of the mismeasurement. A mismeasured dependent variable with purely random measurement
error results in unbiased parameter estimates, but the standard errors of the parameter estimates will
be larger than without the measurement error. Random measurement error of an independent vari-
able results attenuation bias. As crime data depends on reporting, the dependent variable (count)
is noisy. If there is consistent under reporting, it will bias coefficients and increase standard errors.
However, we have no reason to believe that crime reporting measurement error is systematic and
we find that the corrected crime reports are not significantly different from the first crime reports
(Figure 3.2). Likewise, pollution is certainly measured with error, with the mostly likely cause
being daily changes in wind direction, which is clearly random. Hence, our estimates, to the ex-
tent we can control for other endogeneity challenges, will likely suffer from a small amount of
attenuation bias and additional variance.

Sampling bias arises when the sample is not representative of the population. As we use only
those LADs in U.K. that have a pollution monitoring station within 20 km of the LAD centroid, we
are left with a non-random sample of LADs. In particular, LADs in our sample our more populated
than LADs that do not fit our omission criteria. Hence, we will account for this selection challenge
when interpreting our coefficient estimates.

A functional form misspecification generally means that the model does not account for impor-
tant nonlinearities, causing bias in the remaining parameter estimates. As the “right” specification

is unknown, we can only test for different functional form assumptions and use statistical methods
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to test their fit. To address this challenge we estimate a series of models to determine the robustness
of the results to various functional forms.

Most of the empirical work on this topic has relied on the panel structure of the data to estimate
models with geographic and time fixed effects, with some of them testing the robustness of the
results with an instrumental variable approach using wind direction [Roth et al., 2020] or forest
fire smoke [Burkhardt et al., 2019a].

We rely on a panel data structure with LADs as the observational unit (as in Equation 3.4) to
model the log of the monthly () crime rate (events per 10,000 inhabitants) (log(y;:)) at the LAD
level (z) in a given Police Force (j), as a function of AQI (AQI,;;). We use a set of covariates
to control for weather and for socioeconomic and demographic characteristics (vector X;;). As
LADs are nested within police agencies, we include police force-by-year-by-month fixed effects
(0;+) to control for police force specific unobservables that can change every month such as police
enforcement, reporting issues, and changes in the overall agency policies. These fixed effects also

capture police force specific seasonality. Finally, €; ; is the normally distributed error term.

log(yir) = BAQIL; + VTXz‘,t + 054+ €y (3.4)

Based on the unreliability of pollution measurement, we used the inverse of the distance to
the closest pollution monitoring station as the weight in a weighted regression. Finally, we cluster
standard errors at the police force level to account for correlated residuals not only at the LAD
level but also at the Agency level.

To study heterogeneous effects, we use a second specification where we interact AQI with the
% of young males in the population and with the % of non-domestic electricity consumption.

Lastly, including Police Force-by-year-by-month fixed effects imposes constraints on our data
set, as the City of London Police report crimes on a unique LAD. The one to one matching be-
tween LAD and Police Force forces us to remove the City of London from the sample. While

we recognize the limitation of this decision, we feel it is more important to control for confound-
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ing variables via our fixed effects than to include London in the sample at the expense of weaker

identification.

3.5 Results

In this section, we first examine the association between AQI and crime and ASB counts, as in
Equation 3.4. Our primary model estimates a linear association with AQI measured as a contin-
uous variable. We test alternative functional forms to capture non-linear relationships including a
categorical model where we use a binned version of the AQI measurements. To further understand
the mechanism and to test robustness, we also estimate models using the percentage of days per
month the maximum or mean AQI surpassed the AQI health concern cut-offs outlined in Section

3.3.2. Finally, we look at the heterogeneity in the association between AQI on offenses.

3.5.1 Average effects

Table 3.6: Regression Results

Dependent Variable:

Anti-social Public Violence and Burglary rate  Robbery rate
behaviour rate  order rate  sexual offences rate
(D (2 (3 4 S)

AQI 0.0065 0.0016 0.0031 0.0117*** 0.0184**

(0.0039) (0.0043) (0.0023) (0.0025) (0.0075)
Young Male Population (%) 9.2821*** 9.0164*** 5.3925%** 6.4694*** 19.1214***

(1.2552) (1.5206) (1.2356) (1.3850) (2.5785)
Mean Max temperature (C) 0.0360 0.0242 —0.0137 0.0622 —0.0041

(0.0660) (0.0726) (0.0585) (0.0497) (0.0966)
Mean Rain (mm) —0.0004 0.0016 0.0013 0.0003 —0.0036*

(0.0017) (0.0024) (0.0013) (0.0015) (0.0019)
Non-domestic Electricity (%) 2.4505** 3.0016* 3.3297*** —0.9243 2.7960
Consumption (1.1787) (1.5982) (0.9355) (1.4174) (1.9072)
Police District by Year by Month FE Y Y Y Y Y
Adjusted R? 0.5753 0.7008 0.4261 0.4422 0.6771
Observations 21,572 15,225 21,576 21,558 19,475

Notes: All dependent variables are in logs. Standard errors in parentheses, clustered by police district
Star values: * 0.10 ** 0.05 *** 0.010.
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Table 3.6 displays the results of our primary linear specification. We find statistical evidence
of a linear and positive association between pollution (AQI) and crime for BUR and ROB. We find
no evidence of a linear association between AQI and PUC or VSO. However, Figure 3.5 shows the
point estimate and the confidence interval (CI) for the betas associated with AQI in each regression.
The thicker line represents approximately a 50% CI (plus/minus one standard deviation) while the
thinner line represents approximately a 95% CI (plus/minus two standard deviations). This figure
indicates that there is potentially a relationship between ASB and AQI, but it is not statistically

significant at conventional levels.
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Figure 3.5: Point estimates and 50% (thicker line) and 95% (thinner line) CIs for the coefficients associated
AQI as a linear variable

Assuming that the underlying association might not be linear, we choose a very flexible ap-

proach where we create quantile bins for the AQI measurement, regressing the crime rate on these

categorical variable. Based on Table 3.4, we make the cuts at the 25" percentile (AQI=59), median
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(AQI=66) and 75" percentile (AQI=77). The results of these regressions are displayed in Table
3.7 and in Figure 3.6.

Table 3.7: Regression results - Non-linear

Dependent Variable:

Anti-social Public Violence and Burglary rate  Robbery rate
behaviour rate  order rate  sexual offences rate
(1) 2 (3) “4) (5)
AQI bins(59,66] 0.0626 0.0453 0.0359 0.0765*** 0.2281*
(0.0537) (0.0676) (0.0302) (0.0267) (0.1225)
AQI bins(66,77] 0.1273 0.0781 0.0761 0.1122%** 0.3459*
(0.0771) (0.0831) (0.0466) (0.0396) (0.1926)
AQI bins(77,153] 0.1777* 0.0391 0.0826 0.1976*** 0.4848**
(0.1002) (0.0821) (0.0594) (0.0537) (0.2291)
Young Male Population (%) 9.2544*** 9.0103*** 5.3866%** 6.4032*** 19.0183***
(1.2664) (1.5305) (1.2341) (1.4079) (2.6257)
Mean Max temperature (C) 0.0357 0.0247 —0.0140 0.0608 —0.0045
(0.0666) (0.0727) (0.0581) (0.0527) (0.0946)
Mean Rain (mm) —0.0004 0.0016 0.0014 0.0005 —0.0035*
(0.0017) (0.0025) (0.0013) (0.0015) (0.0019)
Non-domestic Electricity Consumption (%) 2.4436** 2.9927* 3.3402*** —0.9264 2.7430
(1.1552) (1.5873) (0.9360) (1.4341) (1.8670)
Police District by Year by Month FE Y Y Y Y Y
Adjusted R? 0.5751 0.7010 0.4261 0.4383 0.6765
Observations 21,572 15,225 21,576 21,558 19,475

Notes: All dependent variables are in logs. Standard errors in parentheses, clustered by police district
Star values: * 0.10 ** 0.05 *** 0.010.

The quantile binned results show that ASB is significantly affected by AQI levels in the up-
permost bin, relative to AQI levels in the lowest bin. Figure 3.6 shows that the impact of AQI
on crimes is increasing in the AQI bin for all crimes except public order. If we focus on ASB,
we can observe that an AQI in the third quantile is close to being significant at the 95% level (p-
value is 0.054) compared to an AQI in the first quantile, providing some stronger evidence of the
association between AQI and the rate of ASB.

Our final analysis is based on the levels of health concern associated with AQI values. In this

analysis we replace AQI with the percentage of days per month in which the mean or the max AQI
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Figure 3.6: Point estimates and 50% (thicker line) and 95% (thinner line) Cls for the coefficients associated
with AQI quantiles. Numbers show the range of AQIs in the 2nd, 3rd and 4th quantile

(independently) was larger than the cut-offs (50, 100, and 150). We do not test the percentage of
days with AQI larger than 200 and 300 because we observe very few months where this value was
more than zero. We test for PM, 5 AQI, O3 AQI and total AQI. Note that the binding pollutant was
almost exclusively P M, 5. Results are shown in table 3.8. Each element of this table represents the
coefficient and standard error associated with the pollution variable in an independent regression
using all of the controls and fixed effects specified in Equation 3.4.

Results are consistent with the above estimates. The evidence of an association between ASB
rates and pollution is weak, as we only find a statistically significant effect when considering the
percentage of days where mean AQI (or mean PM, 5 AQI) is larger than 50. We did not find
this association with larger cutoffs, implying we begin observing effects at relatively low AQI
levels. Additionally, the fraction of days above higher AQI cutoffs is relatively small, reducing
the statistical power of each regression. For PUO rates, we begin observing an effect at larger
mean levels of AQI and PM,5 AQI (100 and 150), with increasing significance but not larger

magnitudes for larger cutoffs.
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Table 3.8: Regression results (AQI Health Concern Cut-offs)

Dependent Variable:

Anti-social Public Violence and Burglary rate  Robbery rate
behaviour rate  order rate  sexual offences rate
(1) (2 (3) 4 5
% of days max AQI > 50 0.3716 1.69575 0.5209* 0.3458** 0.4238
(0.3422) (1.8083) (0.2718) (0.1614) (0.7912)
% of days max AQI > 100 0.4843 2.2537 0.6134 0.5169 1.2937
(0.4510) (2.0078) (0.5033) (0.3750) (0.8591)
% of days max AQI > 150 0.8994 4.8424 0.8582 0.6393 2.0328
(0.8966) (3.7162) (0.8564) (0.7176) (1.2764)
% of days mean AQI > 50 1.3730** 5.7562 1.3457** 0.5537** 2.5694*
(0.6842) (4.0536) (0.6378) (0.2195) (1.3440)
% of days mean AQI > 100 1.7248 10.3333* 0.9574 0.3555 4.5254**
(1.5188) (6.0330) (1.4169) (0.5754) (1.7077)
% of days mean AQI > 150 1.6090 9.2468** 1.8012 0.2027 6.5395%**
(1.0479) (4.0804) (1.7238) (0.9080) (1.6224)
% of days max PMs 5 AQI > 50 0.3677 1.6723 0.5189* 0.3450** 0.4164
(0.3400) (1.7925) (0.2698) (0.1598) (0.7860)
% of days max PMs 5 AQI > 100 0.5073 2.4418 0.6645 0.4975 1.3550
(0.4467) (2.1197) (0.4998) (0.3809) (0.9127)
% of days max PMs 5 AQI > 150 0.9287 4.9203 0.8650 0.6267 2.0615
(0.8953) (3.7062) (0.8564) (0.7087) (1.2925)
% of days mean PM; 5 AQI > 50 1.3730** 0.0453 1.3457** 0.5537** 2.5694*
(0.6842) (4.0536) (0.6378) (0.2195) (1.3440)
% of days mean PMs 5 AQI > 100 1.7248 10.3333* 0.9574 0.3555 4.5254**
(1.5188) (6.0330) (1.4169) (0.5754) (1.7077)
% of days mean PMs 5 AQI > 150 1.6090 9.2468** 1.8012 0.2027 6.5395***
(1.0479) (4.0804) (1.7238) (0.9080) (1.6224)
% of days max O3 AQI > 50 -1.0730 -4.4117 -1.5446** -0.2683 -2.4360
(0.7971) (3.1267) (0.6489) (0.4187) (1.9451)
% of days max O3 AQI > 100 -1.2962 -6.6763 -2.1177** 1.0004 -1.8062
(1.8925) (4.3120) (0.9918) (1.2211) (3.7622)
% of days max O3 AQI > 150 -12.3600 -12.3720 -2.2075 5.3364 -0.8818
(7.1740) (10.4970) (5.4745) (8.1774) (15.7435)
% of days mean O3 AQI > 50 -7.1241 6.0155 7.6289 5.6438 -3.9559
(5.9750) (6.1869) (5.1977) (6.3013) (10.8736)
Police District by Year by Month FE Y Y Y Y Y

Notes: Each element of this table represents the coefficient and standard error (in parentheses) associated to the

pollution variable.
Each element is an independent regression, with specification as presented in Equation 3.4.

All dependent variables are in logs. Standard errors (in parentheses) clustered by police district.
Star values: * 0.10 ** 0.05 *** (.010.
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For VSO and BUR rates, the association is similar to what we observed for ASB, with the
difference that max AQI, instead of only mean AQI, can also play a role. Finally, the evidence of
an association between the ROB rates and AQI is more robust. The larger the percentage of days
with mean AQI larger than each cut-off, the larger the robbery rate, with the effect and significance
increasing with the cut-off. An interesting takeaway from these models is that mean daily AQI
seems to play a more important role than max daily AQI, indicating that the effect is more likely a

result of sustained exposure to pollution than to short-term daily peaks.

3.5.2 Heterogeneous Effects

Building on previous literature and our theoretical model, we now turn to evaluating hetero-
geneity in the relationship between crimes and pollution [Burkhardt et al., 2019a, Roth et al.,
2020]. In particular, we interact the the % of young males in the total population and the % of
non-domestic electricity consumption with the pollution variable. Are hypotheses are twofold.
First, we suspect that the fraction of young males in the population will increase the association as
most crimes are committed by males. Second, we hypothesize that the fraction of non-domestic
electricity consumption, a proxy for industrial processes, which produce emissions and are of-
ten associated with lower income areas will also increase the association. This latter affect could
work through two channels in our theoretical model. Higher rates of industrialization could lead
to higher pollution levels, which could increase the discount rate, (3, in Equation 3.3. Likewise,
if industrial areas are relatively low income, then the reward for economically motivated crimes
would be relatively higher in these areas (R in Equation 3.3). Table 3.9 displays the results for
these regression models.

We find virtually no evidence of either variable modifying the relationship between pollution
and crime. This could be due to a lack of statistical power, or a true null effect. We do find an

increase in the treatment effect for VOS associated with larger % of young male population and
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Table 3.9: Regression Results - Heterogeneous Impacts

Dependent Variable:
Anti-social Public Violence and Burglary rate  Robbery rate
behaviour rate  order rate  sexual offences rate
€)) @ 3 “ (5)

AQI —0.0163 —0.0488 —-0.0317* 0.0222 —0.0236

(0.0219) (0.0337) (0.0170) (0.0265) (0.0365)
Young Male Population (%) 12.0521*** 9.5613*** 2.7030 7.4199*** 18.9990***

(1.4177) (2.8490) (1.8068) (1.8576) (5.1666)
Non-domestic Electricity Consumption (%) 0.5152 —0.6548 0.9558 —0.2124 —0.3494

(2.4289) (2.9557) (1.7460) (2.1218) (3.6155)
Mean Max temperature (C) 0.0349 0.0250 —0.0128 0.0614 —0.0032

(0.0656) (0.0722) (0.0584) (0.0487) (0.0965)
Mean Rain (mm) —0.0004 0.0015 0.0013 0.0003 —0.0036*

(0.0017) (0.0025) (0.0013) (0.0015) (0.0019)
AQI*Young Male Population (%) —0.0404 —0.0080 0.0394* —0.0140 0.0022

(0.0260) (0.0428) (0.0205) (0.0313) (0.0652)
AQI*Non-domestic Electricity Consumption (%) 0.0277 0.0542 0.0337* —0.0101 0.0445

(0.0216) (0.0388) (0.0175) (0.0267) (0.0321)
Police District by Year by Month FE Y Y Y Y Y
Adjusted R? 0.5756 0.7009 0.4266 0.4422 0.6771
Observations 21,572 15,225 21,576 21,558 19,475

Notes: All dependent variables are in logs. Standard errors in parentheses, clustered by police district
Star values: * 0.10 ** 0.05 *** 0.010.
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with larger % of non-domestic electricity consumption, however, the effects are nearly canceled

out by the coefficient on AQIL??

3.6 Conclusions and Discussion

We find evidence of an association between pollution exposure and BUR and ROB rates for
nearly all AQI levels. On the other hand, we find that higher levels of PM, 5 are associated
with an increase in ASB rates. Our results are consistent with Roth et al. [2020], who find that
pollution affects not only violent crime, but also other crimes including those that are economically
motivated.

Our theoretical model allows us to examine four different mechanisms through which pollu-
tion could affect crime, each of which could be caused by a biological process identified in the
epidemiological literature. First, pollution can affect the difference between the reward and the
discounted punishment (R“ — 3P). Second, pollution can decrease the utility of an alternative
activity (NC), or increase the perceived utility of a successful crime (R®). Third, pollution can
reduce the concavity of the utility function (risk seeking behaviour), and fourth, it can change the
probability of getting caught.

Because we observe an association for some crimes and not others, it seems unlikely that the
mechanism is a change in risk perceptions, ruling out the third possible mechanism. With respect
to mechanism four, the probability of getting caught could increase with pollution if pollution af-
fects the cognitive function of the offender, making it easier for police to catch the offender. Given
that we and Roth et al. [2020] find a stronger association for economically motivated crimes, we
believe the more likely explanation is that pollution either decreases the utility of the alternative,
or increases the offender’s discount rate through cognitive impairment, as Roth et al. [2020] dis-

cussed.

22We also interact these variables with the quantile AQI bins but find no statistical relationships. The results are
reported in the Appendix.
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An alternative explanation to the heterogeneous effects could be related to the clearance rate,
which is effectively expressed in our model as the probability of getting caught. If the hetero-
geneity in the effects was correlated with the clearance rate associated with each offense type,
the mechanism could rely on both the discount rate associated with the future punishment and
the probability of getting caught. According to studies in the US, the clearance rate is larger for
violent crimes than it is for property crimes [Baughman, 2020, FBI, 2010]. As we can then ex-
pect similar results in the UK, we believe the clearance rate for the considered offenses should be
as follows, in decreasing order: VSO, BUR (property crimes where threats or violence is used),
ROB, PUO (violent crime where the victim is not an individual) and ASB. Looking at our results,
neither the magnitude or significance of the estimated effects follow this order. Therefore, we do
not believe clearance rates associated with each crime type explain the heterogeneous effects we
observe, dismissing this possible mechanism.

In contrast, we find virtually no evidence that the effect is moderated by several key character-
istics including the fraction of young males in the population and the fraction of the non-domestic
energy consumption. Furthermore, when we modelled the percentage of days a month mean or
maximum AQI exceeded certain thresholds, we concluded that daily mean AQI seems to play a
more important role than the daily maximum AQI, indicating that the effect is likely due to sus-
tained exposure to pollution more than to daily peaks.

In summary, our work combined with the work of Roth et al. [2020] and compared to previous
work in the US, indicates the relationship between pollution and crime differs by region. Whereas
we find that pollution tends to affect economically motivated crimes in the UK, Burkhardt et al.
[2019b] and Burkhardt et al. [2019a] find that pollution largely impacts spontaneous and aggressive
crimes in the US. We hypothesized that if increased aggression is the key mechanism behind the
crime and pollution relationship, then we should find a similar relationship between pollution and
a lesser form of aggression, namely ASB. It turns out that ASB is only weakly associated with high
levels of pollution in the UK, providing evidence that the UK based relationship is not driven by

cognitive impairment leading to increased aggression. On the other hand, we replicate the results
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of Roth et al. [2020] showing that pollution does impact economically motivated crime rates, and
this is likely due to a change in the offender’s discount rate or a increase in the utility of committing
a crime and/or a decrease in the utility of alternative activity.

Finally, our results can inform policy makers tasked with managing ASB levels in the UK, as
we have identified its association with pollution which was previously overlooked. By replicating
Roth et al. [2020], we also provide evidence that crime.uk data, even with its temporal aggregation

and spatial jittering, can serve to answer questions aimed at understanding crime patterns.
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Appendix

A Bayesian Learning

Among the ways an agent can learn from new information, literature has looked at the Bayesian
update, which is a specific way of updating prior beliefs given new information. In our theoretical
model, we assume technology quality in village ¢ in period ¢ is a random draw from a distribution
with mean ¢. (unknown to the consumers) and variance 2. For the Bayesian update model, we
assume the random draw comes from a normal distribution for which the consumer has prior
beliefs on the mean reliability for village ¢ (g.) and knows the exact value for the variance af. The
agent then updates his beliefs on ¢, after every draw he observes or experiences from the random
process. Therefore, in month ¢, the consumer h assumes the mean ¢, follows a normal distribution

. . 2
with mean /i, and variance oy, ;.

Ge ~ N(pns, i) Y]

Assuming that household % in month ¢ observes or experiences ¢.; (a random draw from ¢.),
the updated (posterior) beliefs follows a normal distribution with mean 5, ;41 and variance O',%}t 1

Under these assumptions, the updated mean and variance are as defined by the following updating

equations:
2 2
52 O X0, )
ht+1 — 3 2
Uh,t + O¢
and
2 2
o) Oht
C )
Hhi+1 = 57 5 X Hht T 55 X et 3)
oz + 0jy oz + 0jy

A.1 Testable hypothesis

To test for Bayesian Learning, we focus on modelling the probabilities to adopt and to dis-adopt

and the time to reconnect, specifically testing two hypotheses derived from the theory:
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1) Based on the updating rule, the larger the variance of the technology quality (%), the less
weight is given to new information (q.), as in Lin et al. [2019].
2) Based on the updating rule, and on how O'}Qm 4 tends towards zero, the weight given to new

information is less as ¢ increases, as in Maniloff [2019].

B Extensive Margin: Technology Adoption and Disadoption

Robustness

In this section of the appendix, we try a different specification where we replace the trend
variable with the number of connected households as we could not include both variables in the
same model due to multicollinearity issues. As shown in tables A1 and A2, qualitative results hold

using the new specification.

Table A1: Probability of Adoption - Robustness

(D (2) 3) “) (&)
Logit Logit Logit Logit Logit

Blackout rate (¢t — 1) -1.455 -2.721*% - -1.282% -1.341*
(1.087) (1.464) - (0.781) (0.794)
Blackout rate (t — 2) - 0.153 - - 0.167
- (L.108) - - (0.814)
Avg. Blackout rate (t — 1) - - 0.087 - -
- - (5.576) - -
Avg. Blackout rate (t —2) - - - 0.882 -
- - - (0.623) -
Avg. Blackout rate (t —3) - - - - 0.841
- - - - (0.674)
Household FE Y Y Y Y Y
Month by year FE Y Y Y Y Y
Clustered SE Y Y Y Y Y
Observations 23,196 22,113 23,196 21,030 21,030

Notes:Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-month.

Star values: * 0.10 ** 0.05 *** (0.010.
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Table A2: Probability of Disadoption - Robustness

(1 2) 3) 4
Logit Logit Logit Logit

Blackout rate (t — 1) 0.361 0.377 - -
(0.551) (0.561) - -
Blackout rate (¢ — 2) - 0.537 - -
- (0.793) - -
Avg. Blackout rate (¢t — 1) - - -2.467 -
- - (2.272) -
Avg. Blackout rate since connected (t — 1) - - - -0.715
- - - (1.069)
Household FE Y Y Y Y
Month by year FE Y Y Y Y
Clustered SE Y Y Y Y
Observations 15,492 15,009 15,492 15,492

Notes:Standard errors in parentheses, clustered by Village. The unit of analysis in these regressions is the
household-month.

Star values: * 0.10 ** 0.05 *** (0.010.

C Survey

We conducted a survey in 9 villages in Rwanda, starting on 10/01/2019 and ending on 12/17/2019,
for a total of 2.5 months. We surveyed the villages of Gitaraga, Kajevuba, Bizenga, Koperative,
Nyamabuye, Gihandagazi, Kavumu, Inunga and Cyabayagara. In each village, we selected 40
households: 20 of them were randomly chosen among the active MeshPower costumers in 2017,
and 20 households were randomly selected among non-MeshPower customers in 2017. At the
moment of surveying, we were able to survey 343 households, 123 were MeshPower customer
and 220 were not. In total, given that some households where originally among the non-customer
group but they were customers by the time we survey, 69 respondents were customers and chose
not to be anymore. We asked respondents who used to be costumers why they left, and we asked
all costumers what they think about the reliability of the service.

Out of the 69 respondents who were not customers any more, 30 stated that they left because
they had access to other sources of electricity, 14 stated that they could not afford MeshPower ser-
vice anymore, 5 moved to places where the service was not available while none of them stated that

reliability was the reason why they left. 23 households stated "other reasons", without disclosing
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them. When we asked MP customers about their perception of the reliability of the MeshPower
service, 43.26% answered that it was better than expected, 56.03% answered that it was as expected

and only 0.71% answered it was worse than expected.
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D Heterogeneous Impacts of Pollution on Crime

Table A3: Regression Results Non-linear - Heterogeneous Impacts

Dependent Variable:

Anti-social Public Violence and Burglary rate  Robbery rate
behaviour rate  order rate  sexual offences rate
(1) (2) 3) @) )
AQI bins(59,66] —0.164 —0.431 —0.693 —0.506 —0.955
(0.540) (0.550) (0.522) (0.755) (0.938)
AQI bins(66,77] —1.233 —1.091 —1.511* —0.155 —2.298
(0.808) (0.985) (0.868) (1.064) (1.479)
AQI bins(77,153] —0.509 —1.295 —1.253* 0.641 —1.029
(0.862) (1.151) (0.676) (1.200) (1.567)
Young Male Population (%) 9.976*** 9.620*** 5.644** 7.232%% 19.399***
(0.798) (1.515) 0.977) (1.374) (2.909)
Non-domestic Electricity Consumption (%) 1.759 2.215 0.770 —1.108 1.223
(1.461) (1.693) (1.549) (1.675) (2.371)
Mean Max temperature (C) 0.035 0.024 0.009 0.060 —0.004
(0.066) (0.072) (0.061) (0.052) (0.095)
Mean Rain (mm) —0.0004 0.001 0.001 0.0004 —0.004*
(0.002) (0.003) (0.002) (0.001) (0.002)
AQI bins(59,66]: Young Male Population (%) —1.020 —1.710 —1.261* —1.277 —0.236
(1.142) (1.088) (0.735) (0.800) (1.934)
AQI bins(66,77]:Young Male Population (%) —0.822 —0.036 —0.627 —1.447 —1.474
(1.340) (1.410) (0.725) (1.052) (1.951)
AQI bins(77,153]:Young Male Population (%) —1.180 —0.784 0.014 —0.698 0.366
(1.084) (1.427) (0.825) (1.261) (2.479)
AQI bins(59,66]:Non-domestic Electricity Consumption (%) 0.330 0.651 0.933* 0.727 1.279
(0.607) (0.606) (0.517) (0.834) (0.893)
AQI bins(66,77]:Non-domestic Electricity Consumption (%) 1.515* 1.244 1.808** 0.408 2.934*
(0.876) (1.132) (0.880) (1.108) (1.508)
AQI bins(77,153]:Non-domestic Electricity Consumption (%) 0.832 1.484 1.512** —-0.413 1.577
(0.895) (1.312) (0.669) (1.253) (1.404)
Police District by Year by Month FE Y Y Y Y Y
Adjusted R? 0.576 0.701 0.505 0.443 0.678
Observations 21,572 15,225 21,576 21,558 19,475

Notes: All dependent variables are in logs. Standard errors in parentheses, clustered by police district
Star values: * 0.10 ** 0.05 *** 0.010.

109



