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Abstract

Air pollution levels in many developing countries are critically high and hazardous to human

health. This dissertation studies interventions and policies to reduce air pollution in India. The

first chapter focuses on greenhouse gas and local air pollution emissions from road transport.

I evaluate whether a randomized introduction of a training program or financial incentives

can improve fuel efficiency among public sector bus drivers. The training program increased

fuel efficiency in the short term for four months and had no effect thereafter. The incentives

scheme increased fuel efficiency for a twelve month period. The second chapter analyzes how

personality traits relate to attendance, fuel efficiency, changes in incentive structure, and human

resource decisions among public sector bus drivers. I find that personality traits do not predict

attendance, rarely predict baseline fuel efficiency, and do not predict responses to randomized

training or incentives. Personality traits predict a number of human resources decisions, and

the organization’s drivers are unusually pro-social and honest. The third chapter focuses on

particulate matter emissions from industrial plants. Using granular plant-level data, we pair an

engineering model of emissions with an economic framework in which plants minimize costs

subject to regulatory constraints. We use this to estimate outcomes under potential pollution

control policies. We find that abatement costs are modest and far exceeded by health benefits,

and that market based instruments significantly reduce costs compared to command and control

regulations.
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Introduction

In my dissertation, I study a major environmental challenge in developing countries: air pollution.

I focus on India, which has some of the worst air quality in the world. The first chapter deals

with greenhouse gas and local air pollutant emissions from the road transportation sector, and

evaluates interventions to improve fuel efficiency among public sector bus drivers. The second

chapter builds on the first, and explores how personality traits relate to job performance among

public sector bus drivers. The third chapter focuses on particulate matter pollution from the

industrial sector, and estimates pollution abatement costs for industrial plants.

In Chapter 1, "Driving Down Demand for Diesel: Does a Bus Driver Training and Incentive

Program Increase Fuel Efficiency?", I study interventions to reduce air pollution from road

transport. Road transport is a major source of both greenhouse gas emissions and local air

pollution. Large vehicles cause disproportionate damages. Research and policy prioritize

improving vehicle quality rather than changing driver behavior, even though driving techniques

substantially affect fuel consumption and emissions. I conducted a field experiment in Karnataka,

India, randomly assigning public sector bus drivers to two interventions: a training program

on safe and fuel efficient driving, and a financial incentives scheme for achieving fuel efficiency

targets. The training program increased fuel efficiency in the short term for four months and had

no effect thereafter. The incentives scheme increased fuel efficiency for a twelve month period. I

find no evidence of any complementarities between training and incentives. Training increased

fuel efficiency by a marginally significant 0.0186 kilometers per liter for four months, which

saved 0.19% of baseline fuel consumption over twelve months, and had a return on investment

of Rs. 3.12 per rupee spent. Incentives increased fuel efficiency by a statistically significant

0.0168 kilometers per liter for twelve months, which saved 0.35% of baseline fuel consumption,

1



and had a return on investment of Rs. 4.22 per rupee spent. Along with the high return on

investment from fuel savings, the interventions generated positive externalities from reduced

vehicle emissions.

In Chapter 2, "Personality Traits and Job Performance: An Analysis of Public Sector Bus Dri-

vers in India", I contribute to a growing literature in development economics on how personality

traits relate to job performance. Research indicates that personality traits of government employ-

ees are an important determinant of job performance, and that public service delivery can be

improved by taking these traits into account. I analyze how personality traits relate to attendance,

job performance, human resource decisions, and changes in incentive structure among public

sector bus drivers in Karnataka, India. In a baseline survey of 1522 drivers, I implement experi-

mental measures of dishonesty, pro-socialness, time preferences, and risk aversion. I combine the

baseline survey with extensive administrative data on attendance and fuel efficiency, as well as a

follow-up survey tracking human resource decisions such as suspensions, transfers, and duty

reassignments. I find that personality traits do not predict attendance, and risk aversion, time

preferences, and dishonesty do not predict fuel efficiency. Pro-socialness is negatively correlated

with baseline fuel efficiency. I do not find personality-related heterogeneous treatment effects

from a randomized introduction of training and financial incentives. My results suggest that

the organization effectively uses recruitment, hiring, and retention policies to select drivers in a

way that among retained drivers, personality traits do not predict job performance. I find that

personality traits predict a number of human resources decisions. Dishonest drivers are more

likely to be transferred to other branches or reassigned to other duties, pro-social drivers are

less likely to be on authorized leave, and risk-averse drivers are more likely to be in attendance,

less likely to be disciplined or absent, and more likely to be on authorized leave. Drivers who

remain in the organization’s workforce are unusually pro-social and honest. I hypothesize that

the large wage premium in this setting allows the organization to be highly selective on multiple

dimensions during recruitment and retention.

Chapter 3, "Trapping Dust: How Much Would Pollution Control Cost Indian Industrial

Plants?", is co-authored with Santosh Harish. We focus on particulate matter pollution from

the industrial sector. India has critically high levels of fine particulate matter pollution. A rich
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literature demonstrates large life expectancy and health benefits to reducing ambient particulate

matter concentrations, but comparatively little research has been done on estimated abatement

(reduction) costs in India. We empirically estimate the particulate matter abatement costs for

small and medium Indian industrial plants if status quo and alternate pollution control policies

were rigorously enforced. Our estimates are based on a rich plant-level dataset on emissions, air

pollution control devices, and operating practices from 311 industrial plants in Surat, Gujarat.

Using this data, we build an engineering model to estimate particulate matter abatement and

abatement costs for each plant for possible combinations of air pollution control technology

and air pollution control operating practices. We pair the engineering model with an economic

framework in which each plant chooses technology and operating practices to minimize costs

subject to regulatory constraints. Using this framework, we estimate aggregate abatement and

costs under constraints and incentives posed by different pollution control policies. We estimate

that fully enforcing the current command and control regulation, an emissions concentration

performance standard, would lead to a 66% reduction in average annual emissions, at a moderate

average abatement cost of Rs. 36,150 per year ($556). Switching to a market based instrument,

such as cap and trade or an emissions tax, would reduce costs by 39%. The health benefits

of abatement greatly exceed the abatement costs. The primary hurdle to pollution control is

weak monitoring and enforcement of regulations. We conclude that reforms to monitoring

and enforcement are crucial, and that a reform bundle should include a shift to market based

instruments.
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Chapter 1

Driving Down Demand for Diesel:

Does a Bus Driver Training and

Incentive Program Increase Fuel

Efficiency?

1.1 Introduction

India’s local air pollution is a rapidly escalating public health crisis. As per the Global Burden

of Disease’s 2015 analysis, exposure to ambient particulate matter (PM2.5) is responsible for 4.2

million deaths globally and 1.1 million deaths in India. Of the 11 most populated countries1,

India’s population-weighted particulate matter concentration is the second highest, only better

than Bangladesh’s and significantly worse than China’s. Among these countries, India also has

the worst ozone pollution. Pollution levels in India have increased dramatically between 2010

and 2015 (HEI 2017). One study estimated that improving India’s air quality to meet national

particulate matter standards would increase life expectancy by 3.2 years (Greenstone et al. 2015).

India is also the fourth largest greenhouse gas emitter in the world, behind China, the USA, and

1. Specifically, the 10 most populated countries and the European Union.
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the European Union2, though per capita emissions are below the global average3.

Buses and trucks are important causes of India’s air pollution crisis. In India, transportation

is a significant source of both greenhouse gas emissions and local air pollutant emissions

(Guttikunda and Mohan 2014; Kandlikar and Ramachandran 2000). Estimates suggest that

in Indian cities, transport causes around 30-50% of the ambient particulate matter pollution

(Guttikunda and Mohan 2014), and around 13-57% of greenhouse gas emissions (Ramachandra,

Aithal, and Sreejith 2015). Within India’s transport sector, heavy duty vehicles (buses and trucks)

have an outsized impact on emissions and are the largest contributor for local air pollutants

(Guttikunda and Mohan 2014). State governments operate 10% of all buses, which form the

backbone of public transport provision in India and collectively serve 70 million passengers a

day4.

Policies addressing transportation pollution in India have focused on improving vehicle and

fuel infrastructure, with minimal attention to changing driver behavior. Key policies include the

ongoing Bharat standards for vehicle emissions and fuel quality, and successful past efforts using

catalytic converters (Greenstone and Hanna 2014), compressed natural gas (Narain and Krupnick

2007), public transport (Goel and Gupta 2015), and so on. Improving infrastructure, vehicles,

and fuel is a necessary component of pollution control. However, though driver behavior is

neglected in Indian policy, it also affects vehicular pollution through choices about vehicle miles

traveled, when to drive, whether to carpool, and how to drive.

I focus on one aspect of driver behavior - driving style and technique. I partnered with

the Karnataka State Road Transport Corporation (KSRTC) to implement and evaluate two

driver-focused interventions to improve fuel efficiency and reduce greenhouse gas and local

air pollutant emissions. KSRTC is the 5th largest public sector bus service provider in India

2. WRI, CAIT Climate Data Explorer. 2015. Washington, DC: World Resources Institute. Available online at:
http://cait.wri.org

3. Ge, Mengpin, Johannes Friedrich, and Thomas Damassa. “6 Graphs Explain the World’s Top 10 Emitters." World
Resources Institute (blog), November 25, 2014. http://www.wri.org//blog/2014/11/6-graphs-explain-world’s-top-10-
emitters.

4. Calculation: Public sector buses are about 150,000 out of a total bus population of 1.6 million buses. Citation:
“About Us" webpage, Association of State Road Transport Undertakings. Available at http://www.asrtu.org/about-
asrtu/. Accessed 14th August 2017.
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and serves 2.6 million passengers a day5. The bus driver’s performance significantly affects

fuel consumption, which is a large share of costs and thus affects the quantity of bus services,

vehicular air pollution, and safety.

I used a randomized controlled trial to evaluate two interventions: 1) an existing training

program for ‘Safe and Fuel Efficient Driving’ (SAFED) techniques, and 2) a pilot financial

incentives scheme for achieving fuel efficiency targets. I recruited 1,522 drivers from 34 KSRTC

bus depots (branches) and randomly assigned them to four groups: C - Control, T1 - Training

Only, T2 - Incentives Only, and T3 - Training + Incentives.

Drivers in groups T1 and T3 attended either a 2 or 3 day intensive training program in ‘Safe

and Fuel Efficient Driving’ techniques such as maintaining moderate speeds, alert driving, and

‘eco-driving’ practices that are established to promote both safety and fuel efficiency (Barkenbus

2010; Young, Birrell, and Stanton 2011). Drivers in groups T2 and T3 were eligible for financial

bonuses of Rs. 500 for 3 months if they achieved a depot-specific monthly fuel efficiency target.

These incentives were small, about 1-2% of the driver’s salary, as KSRTC wanted to ensure that

financial incentives would not crowd out intrinsic motivation and ensure the program would be

affordable at scale.

To estimate the impact of these interventions on fuel efficiency, I collated a detailed panel

dataset using KSRTC administrative records, with 14 months of pre-intervention data and 12

months of post-intervention data. The dataset has shift-level measures of kilometers traveled

(KM), diesel consumption (liters), kilometers per liter (KMPL), vehicle used, route traveled, and

other variables. I use a difference in difference empirical strategy with driver and month-year

fixed effects to estimate the intent-to-treat effects of training, incentives, and the interaction. I

also analyze time patterns and whether there are heterogeneous treatment effects.

Overall, I find the training program increased fuel efficiency in the short term for four

months and had no effect thereafter. The incentives scheme increased fuel efficiency for a

twelve month period. I find no evidence of an interaction effect. The training intervention

had a larger heterogeneous effect on drivers who had previously been trained, while the

5. “History of KSRTC" webpage, Karnataka State Road Transport Corporation. Available at
http://www.ksrtc.in/pages/history.html. Accessed on 15th August 2017.
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incentives intervention had a larger heterogeneous effect on relatively high-performing drivers

with above-median baseline KMPL.

More specifically, I find that over the entire 12 months post-intervention, the SAFED training

program had a minimal and statistically insignificant impact on fuel efficiency, which increased

by 0.009 KMPL. The incentives scheme increased KMPL by 0.0168, statistically significant with

controls. I also exploit the high-frequency panel data to explore monthly and experiment

phase treatment effects. For the training program, the overall 12-month 0.009 KMPL increase is

composed of a marginally significant KMPL increase of 0.0186 for the 4 months that training

sessions were ongoing, followed by no observable effect in later periods. The treatment effect

for the incentives scheme was largest during implementation, a KMPL increase of 0.0264, and

persisted at a smaller magnitude post-intervention. Drivers who had previously been trained

and were attending a repeat training showed a relatively larger gain from training of a marginally

significant 0.051 KMPL. High performing drivers with above-median baseline KMPL showed a

relatively larger gain from financial incentives of a statistically significant 0.038 KMPL.

I find that the interventions primarily had an effect through the mechanisms of increasing

effort from drivers and increasing the salience of fuel efficiency, while I do not find evidence that

the interventions changed ability or long term habits. I propose a conceptual framework in which

the training and incentives interventions have four main channels: increasing ability by direct

investment in human capital through training, increasing effort by resolving principal-agent

problems through performance pay, increasing salience of fuel efficiency through reminders

embedded in the interventions, and improving habits through training and multiple months of

incentives. I compare theoretical predictions based on the conceptual framework to the results

for the overall intervention treatment effects, the time patterns of the treatment effects, and

the heterogeneity of treatment effects, and conclude that the effort and salience channels are

important, while the ability and habit channels are not.

The interventions generated positive externalities through reduced vehicular pollution and

potential safety co-benefits. Moreover, both interventions were cost-effective. During the field

experiment, I estimate the return per rupee spent on training was 3.12 rupees, and the return per

rupee spent on incentives was 4.22 rupees. The training program saved about 0.19% of baseline
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fuel consumption, yielding a net savings of about $13,230. The incentives scheme saved about

0.35% of baseline fuel consumption, yielding a net savings of $27,410. At scale, I estimate the

return per rupee on training would be 2.04 and the return per rupee on incentives would be

1.46. A complete cost-benefit analysis would also include the positive externalities from Safe and

Fuel Efficient Driving, in particular safety co-benefits and reduced emissions. As these positive

externalities on road injury and vehicular pollution are estimated to be large, I expect a complete

cost benefit analysis would show significant net welfare benefits.

This paper makes two key contributions. First, I demonstrate that driver-focused interventions

can play a role in improving fuel efficiency and reducing emissions, alongside other policies like

improving vehicle and fuel standards. The three month long incentives intervention reduced fuel

consumption by 0.35% over one year. Fuel savings may perhaps have been larger if the program

had continued. In comparison, Allcott (2011) finds that household-focused energy conservation

programs reduced residential energy consumption by about 2% during implementation. Allcott

and Rogers (2014) find that the effect of residential energy conservation interventions are quite

persistent when the program is discontinued, in contrast to many interventions on exercise,

smoking, and other behaviors. I similarly find that fuel conservation persists for several months

after discontinuation of the incentives scheme, which I attribute to the heightened salience of

fuel efficiency.

The overall finding that driver-focused interventions can have a high rate of return and also

reduce emissions is related to similar findings that investing in workers in the Indian private

sector can have large returns. For instance, Adhvaryu, Kala, and Nyshadham (2016) find a 250%

return on investing in soft skills for female garment factory workers. In the Indian public sector,

policy and resources are repeatedly directed towards physical infrastructure rather than human

resources and changing human behavior. Toilets are constructed in government campaigns and

go unused (Coffey and Spears 2017). Government schools and health centers cover the country

but are staffed by absentee teachers and nurses (Chaudhury et al. 2006; Banerjee, Glennerster,

and Duflo 2008; Duflo, Hanna, and Ryan 2012). Across sectors in India, investment is needed not

just in physical capital infrastructure, but also in the accompanying human capital, processes,

and systems. I find that such investments in people can potentially yield high returns.
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Second, this paper also contributes to the literature on improving the quality of government

services. Existing experiments in developing countries have focused on health and education in

particular and also services like policing, justice, and tax collection (Finan, Olken, and Pande

2017). Public transport provision, a key function of the state, has not received much attention,

though lower income citizens depend on public buses to access job opportunities and meet other

needs.

I find that human capital investment for service providers through training had minimal

effect in this setting, though training programs have been successful among health workers in

India (Das, Chowdhury, et al. 2016), and a body of case studies and small trials in developed

countries have shown positive effects of ‘eco-driving’ training programs on both safety and fuel

consumption (see Young, Birrell, and Stanton (2011) for an overview). Using the conceptual

framework, I find that the marginally significant short-term impact of SAFED training was

primarily due to the increased salience of fuel efficiency and increased scrutiny from managers

post-training, rather than an increase in the driver’s ability.

In contrast, I find that a small performance-based financial incentive improved fuel efficiency.

In experimental studies in developing countries, outcome-based financial incentives for teachers

and health care workers have typically shown positive results (see Finan, Olken, and Pande

2017 for an overview), including among Indian public service providers (Muralidharan and

Sundararaman 2011; Singh and Masters 2017). However, the bonuses in my experiment were

small compared to much of the current literature. For instance, Muralidharan and Sundararaman

(2011) evaluate incentives of about 3% of teacher’s salaries, 2-3 times the size of incentives in

my setting. Additionally, KSRTC’s wariness that financial incentives can undermine intrinsic

motivation is a plausible and well-documented concern (Bénabou and Tirole 2006). At these

incentive magnitudes I do not observe perverse effects from crowding out of intrinsic motivation

in the overall sample.

Taken together, these results suggest drivers have the skill set to improve their driving but

invest efforts in doing so only with incentives. This is similar to Das, Holla, Mohpal, et al.’s

(2016) finding that the same doctors perform better in private practices with market incentives

than they do when practicing in Indian rural public health centers. I also find evidence that fuel
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efficiency improves when fuel efficient driving is temporarily made salient, which again implies

that drivers have the skills but do not always exert effort.

This dissertation chapter is organized as follows. Section 1.2 provides context on how large

vehicles are a major source of air pollution in India, on how driving techniques affect fuel

efficiency and vehicle emissions, on the Karnataka State Road Transport Corporation, on the

two interventions, and on the conceptual framework. Section 1.3 describes the experimental

design, including the study area, recruitment, randomization, timeline, data, and empirical

strategy. Section 1.4 presents the results, including on take-up, compliance,and attrition, the

overall impact of the interventions on fuel efficiency, the time patterns of the treatment effects,

an analysis of heterogeneous treatment effects, a comparison of the results and the conceptual

framework predictions, and robustness checks. Section 1.5 estimates the cost-effectiveness of the

interventions and Section 1.6 concludes.

1.2 Context

1.2.1 Large Vehicles are a Major Source of Pollution In India

Both globally and in India, motorized road transport is a substantial contributor to local air

pollution and greenhouse gas emissions. Within the transport sector in India, heavy duty vehicles

(buses and trucks) have an outsized impact on emissions and are the largest contributor for local

air pollutants. India’s local air pollution is severe.

Globally, exposure to particulate matter (PM2.5) is the fifth highest ranking risk factor for

death, as per the Global Burden of Disease’s 2015 analysis, and other pollutants like ozone are

separate additional risk factors. India’s air quality is among the worst in the world for multiple

pollutants like ozone and particulate matter, and has been deteriorating over the last decade. In

2015, about 25% of the 4.2 million global deaths attributable to particulate matter were in India,

second only to China, and India had the largest number of ozone-attributable deaths in 2015

(HEI 2017).

Motorized road transport is responsible for a large number of deaths through road injuries

and vehicular pollution. The Global Burden of Disease Study indicates that motorized road
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transport was the sixth-leading global cause of death in 2010, representing 2.9% of deaths from

all causes. Vehicular local air pollution alone caused 184,000 deaths world-wide, with another

1.3 million deaths from road injury (The World Bank and IHME 2014). The transport sector is

also a major source of greenhouse gas emissions - about 14% globally in 2010 (IPCC 2014). In

India too, transportation is a significant source of both greenhouse gas emissions and local air

pollutant emissions (Guttikunda and Mohan 2014; Kandlikar and Ramachandran 2000). One

recent study estimated that in urban India, the transportation sector is the largest contributor to

greenhouse gas emissions, around 13-57% of total emissions, depending on city (Ramachandra,

Aithal, and Sreejith 2015). Evidence suggests that the transport sector contributes 30-50% of the

ambient particulate matter pollution in cities (Guttikunda and Mohan 2014).

Buses and trucks cause disproportionate damage to India’s local air pollution crisis. In the

Indian transport sector, buses and trucks are about 1% and 4.4% respectively of all vehicles,

yet are together the largest contributor to local air pollutant emissions (Guttikunda and Mohan

2014).

1.2.2 Driving Style Influences Fuel Efficiency and Vehicular Air Pollution

Driving style is an important influence on fuel consumption, greenhouse gas emissions, and

local air pollutant emissions, as indicated by a substantial engineering literature.

Driving techniques that minimize fuel consumption and greenhouse gas emissions, and

maximize fuel efficiency, are known as ‘eco-driving’ and involve practices like accelerating

moderately, anticipating traffic and thus avoiding sudden starts and stops, maintaining a steady

driving pace, avoiding speeding, and avoiding idling (Barkenbus 2010). Intuitively, driving on

highways inherently involves these techniques and partly explains why highway driving is more

fuel efficient than city driving or why using automatic cruise control saves fuel. Eco-driving

techniques also have the co-benefit of reducing tailpipe emissions (Ericsson 2001; André and

Rapone 2009; De Vlieger 1997) which affect the ambient air quality for pollutants like NOx,

ozone, and particulate matter.

Along with driving style, fuel efficiency also depends on other factors including road and

traffic conditions, the vehicle, and day of the week. Figure 1.1 shows the overall distribution of
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fuel efficiency in kilometers per liter (KMPL) in the dataset of KSRTC shift-level data.
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Figure 1.1: Distribution of Kilometers Per Liter

1.2.3 Background on Karnataka State Road Transport Corporation and it’s Drivers

I partnered with the Karnataka State Road Transport Corporation (KSRTC), the 5th largest

public sector bus service provider in India which serves 2.6 million passengers a day6. Table 1.1

contains descriptive statistics on KSRTC driver characteristics from the baseline survey.

Public transport provision in India is predominantly through buses. State governments

operate 62 transport organizations that provide intercity and within-city bus services and

collectively serve 70 million passengers a day7. Another 22 million passengers a day are served

6. “History of KSRTC" webpage, Karnataka State Road Transport Corporation. Available at
http://www.ksrtc.in/pages/history.html. Accessed on 15th August 2017.

7. Citation: “About Us" webpage, Association of State Road Transport Undertakings. Available at
http://www.asrtu.org/about-asrtu/. Accessed 14th August 2017.
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by the nationally operated Indian Railways8.

KSRTC operates passenger buses for intercity travel and employs over 20,000 bus drivers. It

has 14 regional divisions which together contain 79 bus depots. A bus depot is a bus garage

where buses are refueled, stored, and maintained, and which also contain administrative offices,

driver rest areas, and other facilities. KSRTC is one of four public transport agencies of the

Government of Karnataka, one of India’s southern states. It is responsible for the southern

section of Karnataka.

KSRTC personnel practices for drivers have many features typical of the public sector in

developing countries 9 (Finan, Olken, and Pande 2017). Currently, hiring is based on a testing

process for applicants who meet certain qualifications, followed by a probation period. However,

hiring practices used to be more patronage based and many older drivers were hired through

that system. KSRTC drivers are unionized, with a fairly powerful union with frequent strikes10.

Promotion is based on tenure, and wage increments are negotiated by the union and are about

8-10% a year with an additional annual increment after 15 years of service. Some depots have

small performance-based bonuses such as annual prizes for safety. A portion of the driver’s

remuneration is attendance based, which may reduce the absenteeism typical in Indian public

sector settings (Chaudhury et al. 2006)11. Though management can suspend drivers, they have

minimal ability to fire them. KSRTC drivers are very well compensated, with total remuneration

ranging from Rs. 30,000-50,000 per month. New entrants get Rs. 20,000-25,000 a month. In

comparison, the salary range for privately employed car drivers in Bangalore is Rs. 10,000-20,000.

8. The Indian Railways report 8,107 million passengers a year, about 22 million a day. Cita-
tion: Statistical Summary, Indian Railways, 2015-2016. Available at http://www.indianrailways.gov.in
/railwayboard/uploads/directorate/stat_econ/IRSP_2015-16/Summary%20Sheet_Eng_pdf_pdf.pdf. Accessed 14th
August 2017.

9. B. Mukkanna. Chief Mechanical Engineer, KSRTC. Personal interviews, 2014-2015.

10. About 5-6 strikes over the 1.5 years of project implementation.

11. KSRTC drivers get a small share of the revenue generated on trips they drive, so their remuneration increases
with the number of days worked in a month.
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1.2.4 Two Interventions - Training and Financial Incentives

There is substantial variation in fuel efficiency performance among KSRTC bus drivers, which

implies there is scope for improvement. Drivers may vary on knowledge, ability, effort, and

other dimensions. I evaluate two interventions to improve driver performance: an existing

training program for safe and fuel efficient driving, and a new pilot financial incentives scheme

for achieving fuel efficiency targets.

First, I implemented an intensive training program that is often conducted by KSRTC. The

training on Safe and Fuel Efficient Driving (SAFED) techniques included theory and practical

lessons with individualized feedback. The content focused on maintaining moderate speeds,

alert driving, and eco-driving techniques including steady speeds, minimum harsh accelerations

and minimum gear changes. Aside from these technical lessons, trainers advocated general safety

practices such as being well rested, avoiding heavy meals and other sleep-inducing activities

before night shifts, and so on. Drivers received motivational messaging about safe driving.

Two variations of the training program were implemented in the experiment. The first

was a three day program conducted by instructors from the Petroleum Conservation Research

Association (PCRA), an agency operated by the Government of India (‘PCRA’ training sessions).

The second was a two day program taught by Mr. M.D. Haneef (‘Haneef’ training sessions),

an instructor associated with the Andhra Pradesh State Road Transport Corporation (KSRTC’s

parallel organization in the erstwhile state of Andhra Pradesh). PCRA sessions had batches of

about 20 drivers while Haneef sessions had batches of about 35-50 drivers. Overall, about 78%

of drivers attended Haneef sessions.

Second, as part of the field experiment, I introduced a financial incentives scheme on a pilot

basis for three months. All depots have monthly fuel efficiency targets set by KSRTC. In this

intervention, drivers whose average fuel efficiency was above the depot-specific target in the

month received a financial bonus of Rs.500 (1-2% of their salary). Treatment group drivers were

eligible for financial incentives for three months. Prior to this experiment, some depots did

provide bonuses to drivers who performed well on fuel efficiency metrics. However, performance

based bonuses are not consistently part of KSRTC’s driver remuneration. The incentive was

fixed at Rs. 500 because KSRTC believed that the cost of a larger incentive would be too high
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if the intervention was scaled up. KSRTC management was also wary that a larger incentive

would encourage a ‘money-minded’ culture and adversely affect existing expectations that since

"a KSRTC career is a secured job for life, drivers should be grateful and should drive well to

support the organization"12.

1.2.5 Conceptual Framework

The training and incentives interventions could change driver performance through four main

channels: ability, effort, salience, and habits. I investigate the importance of these channels by

exploring the overall intervention treatment effects, the time patterns of the treatment effects,

and the heterogeneity of treatment effects.

The training and incentives interventions have four main channels: increasing ability by direct

investment in human capital through training, increasing effort by resolving principal-agent

problems through performance pay, increasing salience of fuel efficiency through reminders

embedded in the interventions, and improving habits through training and multiple months of

incentives. First, the ability channel. Some low-performing drivers may simply lack knowledge

on how to drive fuel-efficiently. Improving worker ability through direct training in the workplace

has been effective in several settings (Adhvaryu, Kala, and Nyshadham 2016; Das, Chowdhury,

et al. 2016; Walker et al. 2016). The SAFED training program tests whether direct human capital

investment in bus drivers can improve performance. In this intensive training program, bus

drivers were explicitly taught best practices for driving. Second, the effort channel. Drivers

may not necessarily exert effort to drive fuel-efficiently, since the rewards for doing so accrue

only to the employer KSRTC. Another method to improve worker performance is to align the

incentives of the principal, in this case KSRTC, and the agent, in this case the bus driver. Thus, I

evaluate performance pay in this setting by piloting a financial incentives scheme for achieving

fuel efficiency targets. Third, the salience channel. Knowledgeable drivers who exert effort

may still not maximize fuel efficiency if they are attending to other dimensions of driving. The

interventions can increase fuel efficiency by increasing its salience. The training and incentives

interventions both created several reminders or cues related to fuel efficiency, which itself might

12. B. Mukkanna. Chief Mechanical Engineer, KSRTC. Personal interviews, 2014-2015.
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improve performance (Kahneman 2003). Fourth, the habit channel. The interventions could

cause a behavioral change in driving habits, and the short-term interventions could thus lead to

a persistent long term effect (Allcott and Rogers 2014).

Using this conceptual framework of four channels, I make theoretical predictions on the

overall results. First, the ability channel. If this is key, then the training intervention should

have a significant effect overall. Second, the effort channel. If this is important, then the

incentives intervention should have a significant overall effect - a positive result for the incentives

intervention implies drivers have the ability already but don’t always deploy it. Third, the

salience channel. Both interventions increased the fuel efficiency salience, but the incentives

intervention had many more embedded cues. If the impact of incentives is greater than the

impact of training, it suggests salience may be relevant - though it is difficult to separate out the

effort and salience channels. Finally, habit. If habit is important, I expect a noticeable interaction

effect, as the combined intervention of training plus incentives would be a greater shock to

preexisting habits.

Using this conceptual framework of four channels, I also make theoretical predictions on

the time patterns of the treatment effects. First, the ability channel. If lack of knowledge and

weak ability is a primary cause of poor driver performance, and if it can be addressed through

training, I expect an immediate level jump in performance post training. I expect the drivers

to display a higher performance level which either stays constant, or increases over time as

drivers become more adept at implementing new driving techniques. Second, the effort channel.

Drivers were told that the incentives scheme was a three month pilot program. If the effort

channel is critical, then drivers should only expend extra effort for the three months that they are

eligible for financial incentives, after which I predict their performance would return to baseline.

Third, the salience channel. For the training intervention, if training is effective primarily

because it makes optimal driving practices salient temporarily, then I expect an immediate

short run effect on driver performance which then fades and has no long run effect. For the

incentives intervention, if the salience channel is important, then the treatment effect should

persist post-eligibility as long as drivers receive frequent reminders of the program. Drivers

were in regular contact with the field staff for about 6 months from the start of eligibility, so
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for 3 months post-eligibility13. This was due to slow implementation of the incentives scheme

and slow disbursal of the incentives. Fourth, the habit channel. The short term interventions

could have long term, persistent effects by changing habits. If the habit channel is important, I

expect some persistence of the treatment effect after all implementation activities were complete,

though this treatment effect might slowly taper off over time.

Finally, I also make theoretical predictions on treatment effect heterogeneity based on this

conceptual framework of four channels. First, if the ability channel is important, I expect the

training program to have a larger effect on drivers with less training or less ability at baseline. I

explore two measures of previous training and two accident-based proxies for driving ability.

I test whether the training program has heterogeneous effects on drivers who were formally

taught driving, drivers who had previously attended KSRTC training, drivers who had never

had a major accident, and drivers who had never had a minor accident. The baseline survey data

indicates that drivers have little formal training. Only 4.20 % of drivers learned how to drive a

bus by attending driving school. The majority, 71.81 %, were trained through an apprenticeship

system, where they were employed by truck drivers who provided on-the-job training. Another

20.11 % were taught by friends and family. However, most drivers, 85.68 %, but not all, had

received some training before at KSRTC. Notably, 16.71 % had been involved in major accidents

while driving for KSRTC. The baseline survey defined a major accident as “one in which there

were any serious injuries or fatalities" and a minor accident as “one in which there were no

serious injuries or fatalities, but only vehicle damage or mild injuries". 48.62 % of drivers had

been in minor accidents, which are perhaps inevitable in India’s chaotic traffic.

Second, if the effort channel is important, I predict that the financial incentives would have a

greater effect on drivers whose baseline fuel efficiency was close to the target and who hence

faced low marginal costs of incremental effort. I also hypothesize that drivers with patient

time preferences would have less personal costs of driving slowly and not speeding, and may

have a larger response to both training and incentives. Finally, I hypothesize that the financial

incentives would have a larger effect on dishonest drivers who exhibited a greater propensity to

cheat for financial reward. To measure dishonesty, I implemented a dice task, closely following

13. See Section 1.3.2 for details.
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Hanna and Wang (2017). I measure time preferences through a series of hypothetical time

discounting questions, closely following Ashraf, Karlan, and Yin (2006). I also create a measure

of drivers whose baseline KMPL was above or below the depot-specific median. Monthly targets

are set at the depot level. Thus, drivers with low, below-median baseline KMPL would have to

improve dramatically to achieve the target, whereas drivers with high baseline KMPL would

achieve the target relatively easily. The further a driver is from the target at baseline, the more

marginal effort he would have to expend to achieve the target, or the target might be out of

reach altogether.

Third and fourth, the salience and habit channels. If the habit channel is important, I predict

that younger drivers may find it easier to change their driving habits, and explore heterogeneity

by age. If the salience channel is important, I predict greater treatment effects for drivers who are

intrinsically motivated to drive well and for whom a salient cue activates existing motivation. I

look at two behavioral measures, risk aversion and pro-socialness. I hypothesize that risk averse

drivers have a larger intrinsic motivation to improve their personal safety, and pro social drivers

possibly felt a greater responsibility to drive safely. To elicit risk aversion, I used an ordered

lottery selection task, following Eckel and Grossman (2002, 2008). To measure pro-socialness,

I conducted a standard dictator game where drivers could divide Rs. 30 between themselves

and a charity of their choice out of 7 options. The charity choices and task instructions followed

Hanna and Wang (2017).

1.3 Experimental Design

1.3.1 Study Area, Driver Recruitment, Randomization, and Randomization Verifi-

cation

Out of Karnataka State Road Transport Corporation (KSRTC)’s 79 bus depots, I selected 34 bus

depots to participate in the experiment. I recruited 1,522 drivers from these depots and randomly

assigned them to four groups: C - Control, T1 - Training Only, T2 - Incentives Only, and T3 -

Training + Incentives. I use baseline survey data to verify the randomization.

The 34 participating depots are in 7 administrative divisions in the regions of Bangalore,
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Mysore, Mandya, Ramanagara, Puttur, and Mangalore. Some KSRTC depots use a bus on board

diagnostics (OBD) system that provides extensive administrative data on driver behavior. I

selected all 30 such depots and 4 additional depots based on proximity. Appendix Figure A.1

marks the approximate locations of the depots. All the depots are in towns or cities, so buses

depart from and return to urban locations, though they may stop at rural bus stops en route.

After selecting the 34 participating depots, I recruited drivers and simultaneously conducted

a baseline survey in September-October 2015. In each depot, I aimed to recruit 45 drivers. KSRTC

provided lists of drivers with relatively weak fuel efficiency performance in April, May, and June

2015. I targeted these low and medium performing drivers, but also recruited from outside these

lists. Drivers were screened to eliminate those who had attended KSRTC training in the previous

six months. In total, 1,522 drivers were recruited.

I randomly assigned these 1,522 drivers to one of four treatment arms: Control (N=381),

T1 (Training Only, N=380), T2 (Incentives Only, N=381), and T3 (Training + Incentives, N=380).

The randomization was stratified on three variables: bus depot (34 depots/categories), age

(2 categories: drivers 40 or younger, and drivers older than 40), and whether the driver had

previously attended training (2 categories: had attended training and had not attended training).

I use the 2015 baseline survey to check the randomization. Table 1.1 demonstrates that the

four groups are overall balanced on baseline survey characteristics. Of the 39 differences in

Section II, only two are statistically significant at the 10 % level, somewhat less than predicted

by chance. To test if the baseline characteristics jointly predict treatment group assignment,

I conduct three regressions comparing each treatment group separately to the control group.

Tests for the joint significance of baseline characteristics yield p-values of 0.81, 0.64, and 0.23 for

groups T1, T2, and T3 respectively.
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Table 1.1: Balance on Baseline Characteristics

Section I: Means

(1) (2) (3) (4)
C T1 T2 T3

Age (years) 38.77 38.81 38.94 38.99
(8.444) (8.654) (8.311) (8.442)

Education (years) 10.22 10.25 10.31 10.29
(1.920) (1.960) (1.813) (1.990)

KSRTC tenure (years) 10.02 10.14 9.903 9.979
(8.059) (8.550) (7.896) (8.060)

Job satisfaction (score) 4.598 4.488 4.614 4.470
(0.801) (0.892) (0.747) (0.891)

Risk aversion (score) 3.037 3.021 2.997 3.166
(1.425) (1.510) (1.461) (1.475)

Pro-socialness (Rs.) 25.01 24.58 24.28 24.53
(6.765) (7.763) (7.826) (7.716)

Consistently patient 0.582 0.577 0.608 0.552
(0.494) (0.495) (0.489) (0.498)

Dice points > 99p 0.0789 0.0923 0.101 0.0802
(0.270) (0.290) (0.301) (0.272)

Dice points > 95p 0.176 0.161 0.161 0.203
(0.382) (0.368) (0.368) (0.403)

Attended driving school 0.0394 0.0368 0.0341 0.0579
(0.195) (0.189) (0.182) (0.234)

Had major accident 0.147 0.156 0.181 0.185
(0.355) (0.363) (0.386) (0.389)

Had minor accident 0.470 0.507 0.462 0.507
(0.500) (0.501) (0.499) (0.501)

Attended KSRTC training 0.856 0.858 0.858 0.855
(0.352) (0.350) (0.349) (0.352)

Number of drivers 381 380 381 380
.
Joint F-Test Statistic . 0.650 0.820 1.257
P-Value . 0.812 0.639 0.234

Section II: Differences

(1) (2) (3)
Training Incentives Tr. × Inc.

. 0.326 0.253 -0.388
(0.319) (0.315) (0.445)

. -0.00170 0.0818 -0.00831
(0.119) (0.117) (0.169)

. 0.345 -0.0523 -0.369
(0.369) (0.360) (0.508)

. -0.103∗ 0.0318 -0.0379
(0.0619) (0.0564) (0.0859)

. 0.00168 -0.0234 0.173
(0.106) (0.104) (0.152)

. -0.470 -0.713 0.787
(0.536) (0.528) (0.773)

. -0.00343 0.0238 -0.0498
(0.0357) (0.0358) (0.0506)

. 0.0119 0.0156 -0.0302
(0.0206) (0.0207) (0.0295)

. -0.0189 -0.0262 0.0682∗

(0.0269) (0.0270) (0.0388)

. -0.000603 -0.00154 0.0249
(0.0138) (0.0136) (0.0207)

. 0.00591 0.0341 -0.00474
(0.0259) (0.0271) (0.0383)

. 0.0431 -0.00393 0.00342
(0.0362) (0.0360) (0.0512)

. 0.00225 0.00262 -0.00526
(0.0254) (0.0254) (0.0360)

.

.

.

.

* p < 0.10, ** p < 0.05, *** p < 0.01. Section I: reported coefficients are means for groups C(Control), T1(Training
Only), T2(Incentives Only), and T3(Training+Incentives). Standard deviations are in parentheses. Section II: reported
coefficients are from regressions of each baseline characteristic on Training, Incentives, Training × Incentives (Tr ×
Inc), and strata fixed effects. Robust standard errors are in parentheses. For the stratification variable ’Attended
KSRTC training’ strata fixed effects are not included. The joint hypothesis tests are from separate regressions of each
treatment group compared to the control group. The treatment indicator is regressed on all baseline characteristics. I
test the joint hypothesis that all coefficients are equal to zero. Job satisfaction scores range from 1 (very dissatisfied) to
5 (very satisfied). Risk aversion scores range from 1(riskiest lottery selected) to 5(safest lottery selected). Pro-socialness
(Rs.) indicates the amount donated (between Rs. 0-30) in a pro-socialness game. Consistently patient indicates
the respondent was patient in all time preference questions. Dice points > 99p and > 95p are indicators that the
respondent’s total dice points was above the 99th and 95th percentiles respectively of the theoretical distribution.
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1.3.2 Timeline

The baseline survey took place in September-October 2015. Training took place in March, April,

and June 2016. The incentives scheme was implemented between April-December 2016. The two

interventions were implemented in three batches. There was a joint timeline, such that for T3

drivers who were assigned to both training and incentives, incentive eligibility always began in

the month immediately after training. Appendix Figure A.2 depicts the project timeline.

The training sessions were conducted in March, April, and June 2016. 18 Haneef sessions

and 11 PCRA sessions were part of the experiment14, and about 78% of drivers were trained in

Haneef sessions. Managers at the bus depots selected the treatment dates for particular drivers

based on driver availability and other factors. For the initial session, I requested depot managers

to select from the complete list of drivers randomly assigned to training. For subsequent sessions,

I requested depot managers to select from the list of drivers who were randomly assigned to

training and were not already trained. For each specific training session, I asked depots to select

a roughly equal number of drivers from treatment groups T1 and T3.

The incentives intervention also had three batches, consisting of drivers who were eligible in

April-May-June 2016, May-June-July 2016, and July-August-September 2016. T3 drivers whose

training took place in March, April, and June 2016 were assigned to incentive eligibility in the

months April-May-June, May-June-July, and July-August-September respectively. I randomly

assigned T2 drivers to the three batches such that for each batch, within each strata, the number

of T2 and T3 drivers was roughly equal. As each incentive batch started, field staff contacted

drivers in that batch via phone calls to inform them that they had been randomly assigned to

incentive eligibility, and informing them of the specific months they were eligible. Of the drivers

not available via phone, some were instead informed in person and a few remained unreachable.

The disbursement of incentives took place on a gradual basis in the months after incentive

eligibility. For drivers eligible in April, KSRTC estimated their April average fuel efficiency in

May. All April-eligible drivers were contacted in May, June, or July and requested to sign a

receipt acknowledging their April average fuel efficiency. If a driver’s April average exceeded

14. Training sessions were simultaneously ongoing for non-participating drivers and depots. A handful of participa-
ting drivers were trained in those sessions.
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the depot-specific April fuel efficiency target, he received Rs. 500. Drivers who didn’t exceed

the target were also requested to sign receipts. All drivers were reminded of how many more

months they were eligible.

Appendix Table A.4 shows that the three treatment groups T1, T2, and T3 are balanced in

how many drivers are in each batch. Overall, 45% of drivers are in Batch 1, 38% in Batch 2, and

18% in Batch 3. The table also shows that the training groups T1 and T3 are reasonably balanced

in the number of drivers who attended Haneef and PCRA training sessions.

1.3.3 Data

I collected three sets of data through a baseline survey, close monitoring of the interventions, and

KSRTC administrative data. I combined these to create a 26 month panel dataset from January

2015-February 2017 for all shifts for all participating drivers.

Baseline data: First, the 2015 baseline survey collected background data on the driver’s

education, previous training experiences, accident history, job satisfaction, baseline knowledge of

SAFED theory, and measures of risk aversion, time inconsistency, pro-socialness, and dishonesty.

Implementation data: Second, I collected significant details on the implementation of the

interventions, such as the dates a driver attended training, whether he attended PCRA or Haneef

training, the date he received his financial incentive, and so forth.

Administrative data: Third, I gathered extensive KSRTC administrative data on fuel efficiency.

I collected shift-level data on kilometers traveled (KM), diesel consumption (liters), vehicle used,

route traveled, number of drivers on the shift, date, and other shift-level variables. I use this

to estimate shift level fuel efficiency, i.e. kilometers per liter (KMPL) (calculated as kilometers

traveled in KM/diesel consumed in liters). For some shifts, shift-level KMPL targets assigned by

KSRTC are available. For some shifts, depot-level monthly KMPL targets are collected. The fuel

efficiency data starts between 2011 and 2014, depending on depot, and ends in February 2017.

I combine these three sources to create a 26 month panel dataset at the RCT driver-shift level.

The dataset has uniform start dates and uses all 385,310 unique shifts between January 1 2015

to February 20 2017.

22



1.3.4 Empirical Strategy

To analyze the impact of training, incentives, and the interaction on fuel efficiency, I estimate the

intent-to-treat (ITT) effects using a difference in difference model.

In Equation 1.1, I estimate ITT effects for the entire twelve months post-intervention. For all

drivers, I consider the post-intervention period to be March 2016 onwards, when the training

intervention started.

Yimd = β1Trainingd × Posti + β2 Incentivesd × Posti

+ β3Trainingd × Incentivesd × Posti + αd + δm + Controlsimd + εimd

(1.1)

Where Yimd is kilometers per liter (KMPL) for shift i in month-year m for driver d. Trainingd

is an indicator variable for groups T1 and T3, Incentivesd is an indicator for groups T2 and T3,

Posti is an indicator for any shift i on or after March 1, 2016, αd controls for driver fixed effects,

δm controls for month-year fixed effects, and εimd is the error term. The robust standard errors

are clustered at the driver level.

As drivers were randomly assigned to treatment groups, the β’s measure the unbiased

intent-to-treat (ITT) effect of the interventions. This is the average difference between treatment

and control groups in the post-intervention period (March 2016-February 2017), relative to the

average difference in the pre-intervention period (January 2015-February 2016).

I next exploit the high frequency panel dataset to estimate how the treatment effect varies

over time. In Equation 1.2 I estimate monthly treatment effects.

Yimd =
m=Feb17

∑
m=Sep15

β1,m(Trainingd × Im) +
m=Feb17

∑
m=Sep15

β2,m(Incentivesd × Im)

+
m=Feb17

∑
m=Sep15

β3,m(Trainingd × Incentivesd × Im) + αd + δm + Controlsimd + εimd

(1.2)

Where Im is a set of indicator variables for month-year m and the rest is as in Equation 1.1. I

include the six months prior to the intervention as a placebo test, to check for pre-trends. The

β1,ms, β2,ms, and β3,ms measure the impact of training, incentives, and the interaction respectively,

for the 6 months leading up to the interventions (September 2015-February 2016), and the period

after the interventions began (March 2016-February 2017). The β’s are the average difference

23



between treatment and control groups in month-year m, relative to the average difference in the

reference period of January-August 2015.

In Equation 1.3, I pool together months based on experiment phases. I present experiment

phase treatment effects as follows, where Ip indicate the four experiment phases March-June

2016, July-September 2016, October-December 2016 and January-February 2017. The reference

period is January 2015-February 2016 and the rest is as in Equation 1.2.

Yimd =
p=4

∑
p=1

β1,p(Trainingd × Ip) +
p=4

∑
p=1

β2,p(Incentivesd × Ip)

+
p=4

∑
p=1

β3,p(Trainingd × Incentivesd × Ip) + αd + δm + Controlsimd + εimd

(1.3)

I control for vehicle, route, and day of week fixed effects. While the control variables

significantly improve precision, it is possible that driver assignment to route and vehicle was

affected by the interventions. Thus, for all equations, I present results including and excluding

controls Controlsimd.

1.4 Results

1.4.1 Take-Up, Compliance, and Attrition

Random assignment to treatment is a strong and statistically significant predictor of take-up. In

all treatment arms, there are high levels of overall compliance with assigned treatment, with

especially high compliance in the control groups. I present a detailed breakdown of causes of

non compliance for treatment groups T2 and T3. There is an overall attrition rate of 6% in the 26

month fuel efficiency panel dataset, balanced across the four treatment groups. I verify that the

post-attrition subsample remains balanced on baseline survey characteristics and baseline fuel

efficiency, and that the results on take-up and compliance in the post-attrition subsample are

qualitatively unchanged.
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Table 1.2: Take-up, Compliance, and Attrition

Section I: Means

(1) (2) (3) (4)
C T1 T2 T3

Panel A: Take-Up

Took up training 0.00525 0.937 0.0131 0.955
(0.0724) (0.244) (0.114) (0.207)

Took up incentives 0 0 0.916 0.921
(0) (0) (0.278) (0.270)

Panel B: Compliance

Complied with training 0.995 0.937 0.987 0.955
(0.0724) (0.244) (0.114) (0.207)

Complied with incentives 1 1 0.916 0.921
(0) (0) (0.278) (0.270)

Panel C: Attrition (Data)

Missing 0 months 0.580 0.550 0.541 0.582
(0.494) (0.498) (0.499) (0.494)

Missing 3+ months 0.281 0.297 0.302 0.282
(0.450) (0.458) (0.460) (0.450)

Missing all 26 months 0.0551 0.0395 0.0709 0.0500
(0.229) (0.195) (0.257) (0.218)

.

Number of missing months 3.840 3.953 4.520 3.911
(7.222) (7.054) (7.932) (7.319)

.

Attrition for analysis 0.0577 0.0447 0.0761 0.0579
(0.234) (0.207) (0.266) (0.234)

Number of drivers 381 380 381 380

Section II: Differences

(1) (2) (3)
Training Incentives Tr. × Inc.

.

. 0.931∗∗∗ 0.00947 0.0130
(0.0133) (0.00721) (0.0179)

. -0.000509 0.920∗∗∗ 0.00427
(0.00430) (0.0137) (0.0193)

.

. -0.0576∗∗∗ -0.00777 0.0295∗

(0.0133) (0.00721) (0.0179)

. -0.000509 -0.0796∗∗∗ 0.00427
(0.00430) (0.0137) (0.0193)

.

. -0.0223 -0.0336 0.0630
(0.0338) (0.0334) (0.0475)

. 0.0111 0.0150 -0.0299
(0.0307) (0.0314) (0.0437)

. -0.0186 0.0105 0.00228
(0.0118) (0.0135) (0.0173)

.

. -0.0131 0.534 -0.569
(0.447) (0.473) (0.650)

.

. -0.0147 0.0140 0.000211
(0.0127) (0.0143) (0.0186)

.

* p < 0.10, ** p < 0.05, *** p < 0.01. Section I: reported coefficients are means for groups C(Control), T1(Training
Only), T2(Incentives Only), and T3(Training+Incentives). Standard deviations are in parentheses. Section II:
reported coefficients are from regressions of each variable on Training, Incentives, Training × Incentives (Tr ×
Inc), and strata fixed effects. Robust standard errors are in parentheses. Compliance on training is calculated
using attendance records from the RCT training sessions (all records available) and non-RCT training sessions
for February-December 2016 (most but not all records available). I do not have attendance records for September
2015-January 2016 (pre-intervention) or 2017 (post-intervention). 4 of the 7 non-compliers in groups C and T2
were mistakenly trained in non-RCT training sessions. As attendance records are incomplete, it is possible that
there was additional non-compliance in the non-RCT sessions. Compliance on the incentives intervention refers
to partial or full compliance (i.e. complied for at least one of the three months). ’Attrition for analysis’ indicates
the driver is not included in the difference in difference specifications in Table 1.4. This group of 90 includes
the 82 drivers with complete attrition and 8 drivers with insufficient observations for the empirical strategy. I
use the reghdfe Stata estimator for multiple levels of fixed effects, in which singleton groups are dropped from
the regression sample (Correia 2015, 2016). This table and others in this dissertation rely heavily on Ben Jann’s
estout Stata command (Jann 2005, 2007).
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Using intervention implementation data, I find that for both interventions, random assig-

nment to treatment is a strong and statistically significant predictor of take-up. The point

estimates are 0.93 for training and 0.92 for incentives, significant at the 1% level. Panel A of

Table 1.2 shows there was high take-up in the treatment groups, ranging between 92-96%. In

contrast, less than 1 % of drivers (7 of 762) in the control groups took up training, and none took

up the incentives intervention.

Using intervention implementation data, I also find high levels of overall compliance with

assigned treatment arms, ranging from 91.6% to 100% in Panel B of Table 1.2. Compliance

is defined as non-participation for the control groups, training attendance for the training

groups, and being in compliance for at least 1 of the 3 eligible months for the incentives groups.

There were statistically significant differences in compliance, which was 6-8% higher in the

control groups (which had compliance rates close to 100%) than the treatment groups (which

had compliance rates of 92-96% due to incomplete take-up). Compliance with the training

intervention was somewhat higher (3%) in group T3 (Training + Incentives) than T1 (Training

Only).

Appendix Table A.1 provides a detailed breakdown of the non-compliance and attrition

for incentives groups T2 and T3. The non-compliance in these treatment groups is due to a

mixture of attrition (resignation, transfers to other depots, suspensions, and so on) and ‘true’

non-compliance (scheduling conflicts when the training sessions were held, drivers on short-term

disability leave, drivers assigned to do conductor duty, et cetera). Some of the non-compliance

was due to implementation challenges, particularly drivers who achieved their target but did

not receive their incentive.

Using KSRTC administrative data, I find an overall attrition rate of 6% in the 26 month

fuel efficiency panel dataset, balanced across treatment groups, as shown in Panel C of Table

1.2. ‘Attrition for analysis’ indicates the driver has insufficient observations and is not in the

subsample used for the main difference in difference specification in Table 1.4. Thus the post-

attrition subsample for analysis consists of 1,432 drivers out of the initial 1,522, implying an

overall attrition rate of 6%. Drivers with missing data for all 26 months are typically cases where

baseline survey driver data could not be successfully matched to administrative records. Partial
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attrition for some of the 26 months was primarily due to resignations, transfers, conductor duty,

and so on.

Table 1.3: Post-Attrition Subsample: Balance on Baseline Fuel Efficiency

Section I: Means

(1) (2) (3) (4)
C T1 T2 T3

KMPL Average for:
Jan2015-Feb2016 4.651 4.685 4.671 4.666

(0.578) (0.535) (0.537) (0.547)
[357] [360] [351] [356]

September 2015 4.670 4.679 4.690 4.669
(0.597) (0.570) (0.544) (0.573)
[348] [346] [332] [343]

October 2015 4.654 4.678 4.676 4.692
(0.586) (0.574) (0.563) (0.590)
[343] [351] [335] [340]

November 2015 4.661 4.674 4.671 4.677
(0.589) (0.554) (0.537) (0.570)
[341] [342] [328] [340]

December 2015 4.649 4.672 4.679 4.682
(0.601) (0.586) (0.557) (0.577)
[337] [329] [324] [329]

January 2016 4.707 4.715 4.689 4.720
(0.593) (0.605) (0.547) (0.600)
[337] [333] [321] [335]

February 2016 4.722 4.745 4.744 4.769
(0.612) (0.583) (0.542) (0.588)
[330] [328] [320] [326]

.
Number of Drivers 359 363 352 358
Joint F-Test Statistic . 0.705 1.943 1.688
P-Value . 0.668 0.0607 0.109

Section II: Differences

(1) (2) (3)
Training Incentives Tr. × Inc.

.

. 0.0246 0.00783 -0.0322
(0.0194) (0.0197) (0.0275)

. 0.0126 -0.00407 -0.0261
(0.0231) (0.0219) (0.0321)

. 0.0210 0.0145 -0.0148
(0.0219) (0.0219) (0.0319)

. 0.0166 0.00812 -0.00724
(0.0226) (0.0232) (0.0326)

. 0.0148 0.0243 -0.0129
(0.0238) (0.0237) (0.0335)

. 0.00205 -0.00796 0.00902
(0.0261) (0.0246) (0.0365)

. -0.000883 0.000602 0.0287
(0.0235) (0.0229) (0.0334)

.

.

.

.

This table presents balance checks on baseline fuel efficiency for the post-attrition subsample used for analysis.
Kilometers per liter (KMPL) averages presented are a simple average of KMPL in all shifts in the specified time
period. * p < 0.10, ** p < 0.05, *** p < 0.01. Section I: reported coefficients are means for groups C (Control), T1
(Training Only), T2 (Incentives Only), and T3 (Training+Incentives). Standard deviations are in parentheses.
Observation counts are in square brackets. Section II: reported coefficients are from regressions of each variable
on Training, Incentives, Training × Incentives (Tr × Inc), and strata fixed effects. Robust standard errors are in
parentheses. The joint hypothesis tests are from separate regressions of each treatment group compared to the
control group. The treatment indicator is regressed on all KMPL variables. I test the joint hypothesis that all
coefficients are equal to zero.

I verify that the post-attrition subsample remains balanced on baseline survey characteristics

27



and baseline fuel efficiency. Also, the results on take-up and compliance in the post-attrition

subsample are qualitatively unchanged. In Table 1.3 I verify there is balance on baseline fuel

efficiency (KMPL) variables in the post-attrition subsample. Appendix Table A.2 shows that

the post-attrition subsample is balanced on baseline survey characteristics. Appendix Table

A.3 demonstrates that take-up and compliance was qualitatively similar in the post-attrition

subsample and the complete sample.

1.4.2 Twelve Month Treatment Effects of Training and Incentives on Fuel Efficiency

Over the 12 months of post-intervention data, I find the training program had no overall

statistically significant effect on fuel efficiency. The incentives scheme did have a positive impact

in the entire period. I find no evidence of an interaction effect.

Table 1.4 presents the results from Equation 1.1 for the entire 12 month post-intervention

period March 2016-February 2017. Column 1 is the specification without controls, and Column 4

has full controls with depot × route, depot × vehicle, and day of week fixed effects.

I find that the training program had no overall statistically significant effect on fuel efficiency.

The treatment effect for training is 0.00787 kilometers per liter (KMPL) in Column 1 and 0.00906

KMPL in Column 4. Though positive, these estimates are small and statistically insignificant.

In contrast, the incentives scheme did have a positive impact in the entire 12 month period.

In Column 1, the estimated effect is 0.0190 KMPL and is statistically insignificant. Adding

controls significantly improves precision. In Column 4, the point estimate of 0.0168 KMPL is

significant at the 5% level. As discussed in Section 1.3.4, I cannot rule out the possibility that

driver assignment to routes and vehicles was affected by the interventions, so it is possible the

controls were affected by the treatment. However, the estimates from columns 1 and 4 are very

similar.

There appears to be no overall interaction effect of the two interventions. The point estimates

of 0.0176 KMPL in Column 1 and 0.001 KMPL in Column 4 are statistically insignificant. For the

interaction effect alone, the point estimates differ substantially when controls are added. The

estimates for the interaction effect are also much more imprecise than those for the main effects.
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Table 1.4: Impact on Fuel Efficiency in the Twelve Month Post-Intervention
Period

(1) (2) (3) (4)

KMPL KMPL KMPL KMPL

Training × Post 0.00787 0.0192 0.00890 0.00906

(0.0189) (0.0124) (0.0102) (0.0102)

Incentives × Post 0.0190 0.0386∗∗∗ 0.0169∗∗ 0.0168∗∗

(0.0163) (0.0105) (0.00828) (0.00829)

Training × Incentives × Post 0.0176 -0.0113 0.000771 0.000948

(0.0255) (0.0169) (0.0135) (0.0136)

Observations (shifts) 384241 381612 381375 381375

Number of clusters (drivers) 1432 1432 1432 1432

Driver fixed effects Yes Yes Yes Yes

Month × year fixed effects Yes Yes Yes Yes

Depot × route fixed effects Yes Yes Yes

Depot × vehicle fixed effects Yes Yes

Day of week fixed effects Yes

* p < 0.10, ** p < 0.05, *** p < 0.01 Robust standard errors clustered by driver in parentheses.
KMPL is winsorized at 1% and 99%. Post is an indicator for all shifts from March 1 2016
onwards.

1.4.3 Time Patterns of the Treatment Effects

Next, I examine the time pattern of the treatment effects. I analyze the monthly and experiment

phase treatment effects for each intervention. I confirm that there are no treatment effects or

pre-trends before the intervention begins. The training program had a positive effect in the four

months of implementation and no effect thereafter. The incentive program had a positive effect

during implementation which persists for some time past implementation and then gradually

fades.
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Monthly treatment effects:

First, I analyze the monthly treatment effects based on Equation 1.2. I confirm that there are

no treatment effects or pre-trends before the intervention begins. The monthly treatment effects

for training, incentives, and the interaction are graphed in Figures 1.2, 1.3, and 1.4 respectively,

using the specification with full controls. Vertical lines in the figures mark the four experiment

phases15. The full numerical results are presented in Appendix Table A.5.

The training program had a positive effect in the four months of implementation and no

effect thereafter. Figure 1.2 plots time patterns for training. Pre-training, before the first vertical

line at March 2016, there was no treatment effect. During the training implementation, between

the first vertical line and the third vertical line at June 2016, there was a noticeable positive

impact. This treatment effect quickly faded post implementation, for all months after the third

vertical line. The pattern is similar in the specification without controls, Panel A of Appendix

Figure A.3, though the estimates are significantly noisier and more volatile.

The incentive program had a positive effect during implementation which persisted for some

time past implementation and then gradually faded. Figure 1.3 plots time patterns for the

incentives intervention. April 2016, at the second vertical line, is the first month drivers were

eligible for incentives. Incentives disbursal started in the following month, May 2016. From

May 2016 until the incentive eligibility ended in September 2016, at the fourth vertical line,

there was a noticeable positive treatment effect. The incentives effect persisted for some time

post-intervention and gradually faded. The monthly treatment effects show broadly similar

patterns with and without controls in Appendix Figure A.4.

There appears to be no statistically significant interaction effect in any phase of the experiment.

In the specification without controls, the interaction is occasionally positive at fairly large

magnitudes, but it is always within the confidence interval.

Experiment phase treatment effects:

Next, I estimate the magnitude of the treatment effects for each experiment phase. Equation

1.3 studies treatment effects for 4 different experiment phases. Complete results are presented in

15. Appendix Figures A.3, A.4, and A.5 reproduce these figures in Panel B, and compare them to the coefficients
from the specification with no controls in Panel A.
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Table 1.5. Phase 1 is March-June 2016, which was the implementation of the training program

and the first three months of incentive eligibility. Phase 2 is July-September 2016, the final 3

months of incentive eligibility. Phase 3 is October-December 2016, when incentive eligibility

was complete and implementation was still ongoing. Phase 4 is January-February 2017, after all

intervention implementation activities were completed. Details on the experiment phases and

timeline are described in Section 1.3.2 and graphed in Appendix Figure A.2.

During the Phase 1 training intervention implementation, from March-June 2016, the training

treatment effect point estimates in Table 1.5 are 0.0190 KMPL in Column 1 without controls and

0.0186 KMPL in Column 4 with controls. With controls, the estimate is marginally significant

(p-value of 0.076 ). For the remaining post-intervention Phases 2, 3, and 4, there is no training

treatment effect.

I turn next to the incentives intervention treatment effects in Table 1.5. The incentives

treatment effect peaked in Phase 2 in July-September 2016, during the final three months of

incentive eligibility, when the point estimates are 0.031 KMPL in Column 1 without controls and

0.026 KMPL in Column 4 with controls. In both specifications, the incentives effect remained

positive at a smaller magnitude in Phases 3 and 4 after the drivers were no longer eligible. In the

specification without controls, the magnitude drops in Phase 3 and declines further in Phase 4,

while the specification with controls suggests that the post-eligibility treatment effect is fairly

constant in Phases 3 and 4.

The results overall suggest that the treatment effect persisted post eligibility as long as

incentive implementation continued, but faded once implementation was complete. I implement

a complementary event-time approach in Appendix A.2 in which this pattern is very noticeable.

In the main approach in Table 1.5, the peak effect was in July-September 2016, when 69% of the

observations are from the post-eligibility implementation phase16.

16. For the 43% drivers in Batch 1, incentive eligibility was completed in June 2016, so all observations are from the
post-eligibility implementation phase, and for the 39% of drivers in Batch 2, the final month of eligibility was July, so
2/3 of the observations are from the post-eligibility implementation phase.
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Table 1.5: Impact on Fuel Efficiency in Four Experiment Phases

(1) (2) (3) (4)
KMPL KMPL KMPL KMPL

Training ×1(Phase1 : Training) 0.0190 0.0268∗∗ 0.0184∗ 0.0186∗

(0.0191) (0.0135) (0.0105) (0.0105)

Training ×1(Phase2 : IncentiveEligibility) -0.0157 0.00983 -0.00500 -0.00488
(0.0225) (0.0156) (0.0134) (0.0134)

Training ×1(Phase3 : IncentiveImplementation) 0.0151 0.0152 0.00185 0.00207
(0.0256) (0.0171) (0.0149) (0.0149)

Training ×1(Phase4 : Post− Implementation) 0.00838 0.0209 0.0182 0.0184
(0.0264) (0.0191) (0.0166) (0.0166)

Incentives ×1(Phase1 : Training) 0.0139 0.0269∗∗ 0.0132 0.0130
(0.0159) (0.0112) (0.00903) (0.00904)

Incentives ×1(Phase2 : IncentiveEligibility) 0.0305 0.0531∗∗∗ 0.0264∗∗ 0.0264∗∗

(0.0213) (0.0148) (0.0119) (0.0119)

Incentives ×1(Phase3 : IncentiveImplementation) 0.0196 0.0387∗∗ 0.0126 0.0124
(0.0218) (0.0161) (0.0127) (0.0127)

Incentives ×1(Phase4 : Post− Implementation) 0.0112 0.0488∗∗∗ 0.0195 0.0193
(0.0242) (0.0188) (0.0141) (0.0142)

Training × Incentives ×1(Phase1 : Training) 0.0174 -0.0111 -0.00945 -0.00933
(0.0254) (0.0185) (0.0148) (0.0149)

Training × Incentives ×1(Phase2 : IncentiveEligibility) 0.0336 -0.00813 0.00879 0.00875
(0.0319) (0.0219) (0.0181) (0.0181)

Training × Incentives ×1(Phase3 : IncentiveImplementation) 0.00758 -0.00743 0.0134 0.0137
(0.0344) (0.0234) (0.0192) (0.0192)

Training × Incentives ×1(Phase4 : Post− Implementation) 0.00715 -0.0268 -0.00516 -0.00465
(0.0374) (0.0268) (0.0216) (0.0216)

Observations (shifts) 384241 381612 381375 381375
Number of clusters (drivers) 1432 1432 1432 1432
Driver fixed effects Yes Yes Yes Yes
Month × year fixed effects Yes Yes Yes Yes
Depot × route fixed effects Yes Yes Yes
Depot × vehicle fixed effects Yes Yes
Day of week fixed effects Yes

* p < 0.10, ** p < 0.05, *** p < 0.01. Robust standard errors clustered by driver in parentheses. KMPL is
winsorized at 1% and 99%. Reported coefficients are interactions between the treatments and indicators
for experiment phases p. The reference group is all shifts before March 1 2016. Phase 1 is March-June
2016, Phase 2 is July-September 2016, Phase 3 is October-December 2016, Phase 4 is January-February 2017.
Details on the Phases are in Section 1.4.3.

1.4.4 Heterogeneity of the Treatment Effects

I analyze the heterogeneity of treatment effects based on the conceptual framework in Section

1.2.5. I investigate the relative importance of four channels through which the interventions could
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affect driver performance: ability, effort, salience, and habit. In contradiction to the conceptual

framework prediction on the ability channel, I find that drivers who had previously been trained

at KSRTC show larger gains from the repeat training than drivers who were trained for the first

time. In line with the conceptual framework prediction on the effort channel, I find that drivers

with an above-median baseline KMPL who needed to exert less effort to achieve the target

responded significantly more to the incentives intervention. In Chapter 2 of this dissertation, I

further explore the heterogeneity of treatment effects.

To investigate heterogeneity, for the qualitative variable of time preference, I conduct a

subgroup analysis of Equation 1.1. For all other variables, I adapt Equation 1.1 and add an

interaction with the driver characteristic as follows

Yimd = β1Trainingd × Posti + β2 Incentivesd × Posti

+ β3Trainingd × Incentivesd × Posti + β4Trainingd × Posti × Chard

+ β5 Incentivesd × Posti × Chard + β6Trainingd × Incentivesd × Posti × Chard

+ β7Posti × Chard + αd + δm + Controlsimd + εimd

(1.4)

First, to evaluate the importance of the ability channel, I test the predictions that drivers

with more previous training - either at KSRTC or at driving school- would show less gains from

the SAFED program, and that drivers with more accidents - a proxy for lower baseline ability -

would show higher gains from the SAFED program. Specifically, as detailed in Section 1.2.5,

I test whether the training program had heterogeneous effects on drivers who were formally

taught driving, drivers who had previously attended KSRTC training, drivers who had never

had a major accident, and drivers who had never had a minor accident. Table 1.6 presents the

results.
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Overall, I find no heterogeneous effects of training based on whether a driver had attended

driving school or based on accident history, and the results indicate that in contradiction

to the prediction, drivers who had previously attended KSRTC training actually had larger

gains from SAFED training - a difference of 0.07 KMPL (insignificant) without controls and

a difference of 0.051 KMPL (marginally significant) with controls. Surprisingly, it seems that

repeated/refresher training was more effective than an initial training. It is possible that multiple

trainings are needed to change long-held driving habits. Another explanation could be that

KSRTC management usually successfully identifies a minority of drivers who are unlikely to

benefit from training and does not train them. Typically, KSRTC management selects drivers

for training, whereas the RCT randomly trained half of all recruited drivers. For instance, in

the post-attrition subsample, 47.84 % of previously-trained drivers had above-median baseline

KMPL, while 57.87 % of never-trained drivers were above median. This implies that the ‘never

been trained at KSRTC drivers’ may be a high ability subgroup who thus show minimal gains

from SAFED training. There are no differential effects of training based on history of major

or minor accidents. The results on the effect of having attended driving school are erratic and

inconsistent - possibly due to the small numbers of this subsample, as only 3% of drivers in

the post-attrition subsample have formal training before joining KSRTC, and the rest typically

learned to drive from a mentor, friends, or family.

Second, to test the importance of the effort channel, I use the predictions based on the

conceptual framework in Section 1.2.5. I investigate whether the incentives intervention had a

larger effect on drivers who had less personal costs or greater personal benefits from achieving

the target - namely, drivers who had a high baseline KMPL and could hence achieve the target

with minimal effort, drivers who were patient and hence potentially bore less costs from driving

slower, and drivers who cheated on a dishonesty test for financial reward and hence may place

a higher value on the financial incentives. As described in Section 1.2.5, I use a measure of

drivers whose baseline KMPL was above the depot-specific median. Since targets were at the

depot-level, drivers who were already relatively high performing would have to invest less

effort to achieve the target. For the behavioral measures of dishonesty and time preferences, I

describe the measures and instructions briefly in Section 1.2.5, and in detail in Chapter 2 of this
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dissertation. Table 1.7 presents the results of the subgroup analysis for drivers with different

time preferences, and Table 1.8 presents the results of the heterogeneity analysis.

I find no heterogeneous effects of the incentives intervention based on drivers’ patience or

dishonesty, but I do consistently find that the incentives intervention had a much larger impact

on drivers with above-median baseline KMPL. The difference in the treatment effect is 0.074

KMPL without controls and 0.038 KMPL with controls, both of which are statistically significant.

In fact, among the below-median drivers, there was no impact of the incentives intervention at

all - the entire overall incentives effect was due to the above-median relatively high performing

drivers. Below-median drivers may have anticipated the target was out of reach and thus did not

respond to the incentives scheme. In line with the conceptual framework prediction on effort,

above-median drivers who could achieve the target with less effort responded relatively strongly

to the incentives scheme.

Table 1.7: Subgroup Analysis by Time Preference

(1) (2) (3) (4) (5) (6)
All CoPa Hype CoIm PNIL Miss

Training × Post 0.00787 0.00766 0.0335 0.00761 -0.0688 0.0505
(0.0189) (0.0245) (0.0333) (0.0702) (0.0657) (0.281)

Incentives × Post 0.0190 0.0342 0.0297 -0.0304 -0.0204 -0.186
(0.0163) (0.0220) (0.0351) (0.0450) (0.0468) (0.163)

Tr. × Inc. × Post 0.0176 0.0221 -0.0388 0.0625 0.0535 0.167
(0.0255) (0.0339) (0.0500) (0.0812) (0.0835) (0.319)

Observations (shifts) 384241 220476 84318 48015 28319 3113
Clusters (drivers) 1432 824 316 174 108 10
Time Preference Category CoPa Hype CoIm PNIL Miss

* p < 0.10, ** p < 0.05, *** p < 0.01. Parentheses contain robust standard errors clustered by driver. KMPL
is winsorized at 1% and 99%. Post is an indicator for all shifts from March 1 2016 onwards. Tr. × Inc. is
an abbreviation for Training × Incentives. Columns 1-6 present results for all drivers followed by drivers
in each time preference category CoPa, Hype, CoIm, PNIL, and Miss. CoPa is Consistently Patient, Hype
is Hyperbolic, CoIm is Consistently Impatient, PNIL is Patient Now, Impatient Later, and Miss indicates
Missing data. Further details on the categories are in Table 2.2. All specifications include driver and
month × year fixed effects. The model with controls is not presented as the fixed effect controls cannot be
appropriately estimated using driver subgroups.
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Third, I test the importance of the salience and habit channels based on the conceptual

framework in Section 1.2.5, and find no heterogeneous effects based on age, risk aversion, or

pro-socialness, as seen in Table 1.9. Based on the conceptual framework, I predicted that if habit

is important, either intervention may have a larger effect on younger drivers who might find

it easier to change habits, and if salience is importance, treatment effects of either intervention

might be larger for risk averse and pro social drivers who may be intrinsically motivated to drive

well and could be easily activated by salient cues. I use behavioral measures of risk aversion

and pro-socialness, which I describe briefly in Section 1.2.5, and in detail in Chapter 2 of this

dissertation.

1.4.5 Comparing the Conceptual Framework Predictions to the Results

In Section 1.2.5, I proposed a conceptual framework that the training and incentives interventions

could change driver performance through four main channels: ability, effort, salience, and habits.

In this section, I compare the theoretical predictions from the conceptual framework to the

results for the overall intervention treatment effects, the time patterns of the treatment effects,

and the heterogeneity of treatment effects, reported in Sections 1.4.2, 1.4.3, and 1.4.4 respectively.

I find that the effort and salience channels are important, while the ability and habit channels

are not.

First, the ability channel. Overall, the results suggest that variation in driving ability, or lack

of ability, is not a main factor in driver under-performance. I find the training program had no

overall statistically significant effect on fuel efficiency in the entire twelve month period. Turning

to the time patterns, though I find a short run effect of training, it was not sustained, which

implies the training program’s effects may be through salience rather than changing ability.

Finally, looking at the heterogeneous effects of training, I do not find that training had a larger

effect on drivers with less training or less ability at baseline. Indeed, I instead find training was

more effective as a repeat training for drivers who had been trained at KSRTC before. Taking

these results together, and combining them with the conceptual framework predictions, I find

that the impact of the interventions is not primarily through the ability channel.

Second, the effort channel. Overall, the results suggest that lack of effort or variation in
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effort is a key factor in driver performance. I find the financial incentives scheme had an overall

statistically significant effect on fuel efficiency in the entire twelve month period. Turning to

the time patterns, I find the incentives program had a positive effect while drivers were eligible

for financial incentives which also persisted for some time post eligibility before fading. This

time pattern suggests that while effort is important, salience matters as well, as discussed below.

Finally, looking at the heterogeneous impact of incentives, I find that the financial incentives

scheme had a much larger impact on drivers whose baseline KMPL was above-median, i.e.

on high performing drivers who could achieve the target with only a little incremental effort,

though I find no heterogeneity due to driver patience or dishonesty. Taking these results together

with the conceptual framework, I find that the impact of the interventions works in part through

the effort channel.

Third, the salience channel. Overall, the results suggest that the interventions worked in

large part by increasing the salience of fuel efficiency. The overall results show that the incentives

intervention, which had more embedded cues than the training intervention, had a larger effect -

which could be due to either effort or salience. Looking at the time patterns, I find an immediate

short run effect of training which rapidly faded away. This strongly supports the hypothesis

that the training intervention worked because it increased the salience of fuel efficiency for a

short period. For the incentives intervention, the treatment effect persisted post eligibility as

long as drivers were in regular contact with the field staff. That is, even after the three month

eligibility period ended, the incentives intervention continued to have a significant effect as

long as drivers got regular salient cues about fuel efficiency. The incentives treatment effect

faded once all implementation activities were complete - this pattern is very noticeable in the

complementary event-time approach in Appendix A.2. Thus the time patterns of the incentives

effect again give strong credence to the hypothesis that the incentives intervention worked at

least in part by increasing salience17. Turning to the predictions on heterogeneous effects, I find

17. However, it is also possible that drivers were confused about how long they were eligible for incentives. They
were told it was three months long during the baseline survey, and again informed via phone of their eligibility at the
beginning of the three month period, but drivers may not have recalled the duration. Additionally, while collecting
receipts, field staff gave reminders of how many more months drivers were eligible. Due to the slow disbursement
of incentives, drivers may have received this reminder after eligibility ended, and thus mistakenly believed they
remained eligible.
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no evidence that the interventions were more effective for risk averse or pro-social drivers.

Fourth, the habit channel. Overall, the results suggest the habit channel is not a key channel

through which the interventions affect driver behavior. The prediction from the conceptual

framework was that if the habit channel is important, there should be a noticeable overall

interaction effect, but I find no evidence of any complementarities between training and in-

centives. Looking at time patterns, I do not find any persistence of the short run effects of

training, indicating training did not change habits. I do find some persistence of the incentives

treatment effect as long as implementation activities are ongoing, but this starts to taper off

post-implementation, particularly in the complementary event-time approach in Appendix A.2,

which suggests the post-eligibility persistence is due to salience rather than changes in habits.

Turning to heterogeneous effects, I find no evidence to support the prediction that younger

drivers might find it easier to change driving habits.

1.4.6 Robustness Checks

The results are robust to alternative specifications and methodologies.

Along with the difference in difference specification in Equation 1.1, I also estimate an

analogous model using post-intervention data only, while controlling for drivers’ baseline KMPL,

and find similar results. I estimate

Yimd = β1Trainingd + β2 Incentivesd + β3Trainingd × Incentivesd

+ β4BaselineKMPLd + γs + δm + Controlsimd + εimd, ∀Yimd ∈ [m >= Mar2016]
(1.5)

Where BaselineKMPLd is the average KMPL for all pre-intervention shifts before March 1

2016, γs controls for strata fixed effects, and the rest is as in Equation 1.1. Appendix Table A.6

presents the results. Equations 1.1 and 1.5 yield similar results in the specifications without

controls (Column 1 of Table 1.4 and Appendix Table A.6). Results differ significantly in the

models with controls, as Equation 1.1 estimates vehicle, route, and other fixed effects using

the full panel dataset, while Equation 1.5 estimates vehicle and other fixed effects using post-

intervention data only.

Similarly, as an analogue to Equation 1.2, in Equation 1.6 I separately estimate treatment
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effects for each month-year m in September 2015-February 2017 and find similar time patterns:

Yimd = β1,mTrainingd + β2,m Incentivesd + β3,mTrainingd × Incentivesd

+ β4BaselineKMPLd + γs + εimd

(1.6)

Where BaselineKMPLd is the average KMPL for shifts from January-August 2015, and the

rest is as in Equation 1.5. Each β1,m, β2,m, and β3,m comes from separate regressions for each

month-year m. Appendix Figure A.6 plots the monthly treatment effects from the difference-

in-difference specification without controls (Column 1 of Appendix Table A.5), along with the

separate estimates for each month from Equation 1.6. The results from both approaches are very

consistent.

Results remain unchanged if I drop shifts with multiple drivers. As described in Section 1.3.3,

I created a 26 month panel dataset with uniform start dates using KSRTC administrative data for

all 385,310 unique shifts between January 1 2015 to February 20 2017. Of these shifts, 382,895

had only one driver participating in the randomized controlled trial (RCT), and 2,415 had two

RCT drivers. The panel dataset is created at the RCT driver-shift level, so the 2,415 shifts with

two RCT drivers appear twice in the panel dataset, for a total of 387,725 observations. Thus the

dataset contains 385,310 unique shifts and 2,415 duplicates. Appendix Table A.7 demonstrates

that the results are similar if all shifts with multiple RCT drivers are dropped. As an additional

check, I also drop any shift with multiple drivers (including drivers who were not in the RCT).

Results remain similar.

1.5 Cost-Effectiveness of the Interventions

Both interventions were cost-effective. A social cost benefit analysis might also show significant

net welfare benefits due to safety co-benefits, reduced emissions, and other externalities. During

the pilot, I estimate the cost-effectiveness, i.e. return per rupee spent, was Rs. 3.12 for training

and Rs. 4.22 for incentives. Estimated fuel savings was about 0.19% and 0.35% respectively

of baseline fuel consumption, implying total savings of $13,230 and $27,410 respectively. At

scale, I estimate the cost-effectiveness of training would be Rs. 2.04 per rupee spent and the

cost-effectiveness of incentives would be Rs. 1.46 per rupee spent.
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1.5.1 Cost-effectiveness analysis

I present approximate estimates of cost-effectiveness for the two interventions, both for the pilot

and at scale. Figure 1.10 has extensive detail about the calculations, caveats, and assumptions.

Cost-effectiveness analysis for the pilot:

I find that during the pilot, the cost-effectiveness, i.e. the return per rupee spent, was 3.12

for the training intervention and 4.22 for the incentives intervention. These numbers are on an

intent-to-treat basis and represent the total costs and total benefits for the entire group randomly

assigned to treatment, regardless of compliance.

To evaluate the cost-effectiveness of the pilot, I use the Column 4 treatment estimates from

Table 1.4. I consider the treatment effect of training to be 0.009 KMPL over 12 months and ignore

the statistical insignificance. Based on the full dataset, each driver drives an average of 5972

kilometers (KM) per month at 4.712 KMPL and hence consumes an average of 1267 liters of

diesel a month. Post-treatment, drivers would have a KMPL of 4.7214 (4.712+0.009) and would

hence consume 1264.879 liters of diesel (5972 KM/4.7214 KMPL), implying 2.433 liters of diesel

saved per driver per month. For the incentives intervention, the treatment effect is 0.01675 KMPL

and post-treatment KMPL would be 4.7291 KMPL (4.712+0.01675). Thus diesel consumed would

be 1262.82 liters, implying 4.492 liters of diesel saved per driver per month.

Multiplying this by 760 drivers for 12 months and using a diesel price of Rs. 57 per liter,

the estimated cost savings for the pilot are Rs. 1,264,773 and Rs. 2,335,119 for the training and

incentives interventions. Estimated costs are Rs. 404,794 and Rs. 553,504 respectively. Thus net

fuel cost savings were Rs. 859,979 (about $13,23018) and Rs. 1,781,615 (about $27,410) respectively.

Cost-effectiveness, i.e. the return per rupee spent, was 3.124 and 4.219 respectively. Estimated

fuel savings was about 0.19% and 0.35%19 respectively of baseline fuel consumption.

18. Using 1 USD=65 INR

19. Fuel savings of 2.433 and 4.492 liters respectively as a percentage of the baseline 1267 liters consumed
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Table 1.10: Cost-Effectiveness Analysis

Training Incentives

Costs and Savings for the Pilot

Direct costs: Rs. 320,0941 Rs. 426,0002

Indirect costs: Rs. 84,7003 Rs. 127,5044

Total Costs for the Pilot Rs. 404,794 Rs. 553,504

Diesel consumed per driver
per month (average)5

1267.312 liters (5972
KM/4.712 KMPL)

1267.312 liters (5972
KM/4.712 KMPL)

Treatment estimate for
12 month period6 0.00906 KMPL 0.01675 KMPL

Estimated KMPL after treatment 4.7214 KMPL 4.7291 KMPL

Diesel consumed after treatment
per driver per month

1264.879 liters (5972
KM/4.7214 KMPL)

1262.82 liters (5972
KM/4.7291 KMPL)

Diesel saved per driver
per month7

2.433 liters
(0.19% of baseline)

4.492 liters
(0.35% of baseline)

Diesel saved over 12 month
period for 760 treated drivers

22,189 liters 40,967 liters

Total Savings from the Pilot
(at price Rs. 57 per liter)

Rs. 1,264,773 Rs. 2,335,119

Net Savings from the Pilot
(Savings-Costs)8

Rs. 859,979
($13,230)

Rs.1,781,615
($27,409)

Cost-Effectiveness of Pilot
(Savings/Costs)

3.124 4.219

Costs and Savings At Scale

Costs per driver9 Rs.55810

(one-time cost)
Rs. 26811

(monthly cost)

Treatment estimate
during implementation 12 0.0186 KMPL 0.0264 KMPL

Diesel consumed per month
during implementation

1262.329 liters (5972 KM/
(4.712+0.0186) KMPL)

1260.25 liters (5972 KM/
(4.712+0.0264) KMPL)

Diesel saved per month
4.98 liters
(1267.312-1262.329)

7.06 liters
(1267.312-1260.25)

Duration of treatment effect 4 months Ongoing

Total diesel saved 19.93 liters (one-time) 7.06 liters per month

Table continued on next page
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Table 1.10: (Continued)

Training Incentives

Cost savings per driver
@ Rs. 57/liter

Rs.1136
(one-time benefit)

Rs. 402
(monthly benefit)

Net Savings at Scale
(Savings-Costs)

Rs. 578
($8.89, one-time)

Rs. 134
($2.06, monthly)

Cost-Effectiveness at Scale
(Savings/Cost)

2.036 1.455

Table Footnotes:

1 The instructor remuneration (fees+ travel+ lodging) for the 592 drivers trained in Haneef sessions was Rs.
261,000, i.e. a per driver cost of Rs. 441. The exact costs for the 134 drivers trained in PCRA sessions was
unavailable. Hence I estimate the PCRA instructor remuneration to be 134*Rs.441=Rs.59,094 (number of drivers
trained in PCRA sessions* per driver cost of Haneef sessions).

2 This was the total directly paid out as incentives.

3 Some drivers had to travel to attend the training sessions. Based on research team costs, I estimate Rs.350
travel + lodging costs for these drivers, and estimate that about 1/3rd of drivers had to travel, so the average
travel costs are Rs. 117 per driver, for 726 trained drivers. I expected the KSRTC staff costs to be minimal as
there was little coordination required and do not include it, or the opportunity costs of driver’s time.

4 The total costs for the field research team was Rs. 1,275,035. While this was primarily for research activities,
about 10% was for implementing the incentives intervention and I use this to estimate what KSRTC staff costs
would be for in-house implementation.

5 5972 KM is the average KM per driver per month for the 25 complete months in the panel. 4.712 KMPL is the
average winsorized KMPL for all shifts in the panel dataset.

6 Treatment estimates from Column 4 of “Table 1.4: Impact on Fuel Efficiency in the Twelve Month Post-
Intervention Period”.

7 Percentage calculated as percentage of the baseline fuel consumption of 1267.312 liters.

8 Using 1 USD=65 INR.

9 The total pilot costs are for the entire treatment groups, i.e. intent-to-treat costs. To estimate per driver costs I
divide the costs by number of drivers who were actually treated, i.e. compliers.

10 Total pilot costs of Rs. 404,794 divided by the 726 trained drivers.

11 Pooling all months of incentive eligibility, 41.55% of drivers were paid Rs. 500, for an expected monthly
payout of Rs. 208. Dividing the estimated indirect costs of Rs. 127,504 by the 703 compliant drivers in the
incentives groups gives a per driver cost of Rs. 181 over 3 months, so the per driver per month cost is Rs. 60.

12 Treatment estimates from Column 4 of “Table 1.5: Impact on Fuel Efficiency in Four Experiment Phases”.
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Cost-effectiveness projections at scale:

Next, I project back-of-the-envelope estimates of the cost-effectiveness for KSRTC if the

intervention is scaled up. I estimate that at scale, the cost-effectiveness of training would be Rs.

2.04 per rupee spent and the cost-effectiveness of incentives would be Rs. 1.46 per rupee spent.

The training program would have a one-time cost of Rs. 558 per driver, and a scaled-up

ongoing incentives scheme would have a recurring monthly cost of Rs. 268 per month. As per

Column 4 of Table 1.5, the training intervention had a marginally significant short term effect of

0.0186 KMPL in March-June 2016 and a null effect thereafter. In the midst of implementation, the

incentives scheme had a treatment effect of 0.0264 KMPL in July-September 2016. Using these

numbers, I estimate that the training program has a one-time benefit of Rs. 1,136 while a scaled

up incentives scheme would have a recurring benefit of Rs. 402 per month. Training would have

a one-time net savings of Rs. 578 (about $8.89) and a cost-effectiveness of 2.036. An incentives

scheme would have a recurring monthly savings of Rs. 134 (about $2.06) and a cost-effectiveness

of 1.455. These estimates involve numerous assumptions and simplifications. In particular,

the RCT recruited low performing drivers. A scaled up incentives scheme would have more

high-performers who achieved the target, hence costs would be higher. The heterogeneity

analysis in Section 1.4.4 suggests that benefits would also be larger for high-performers. I note

that for the incentives intervention, cost-effectiveness is significantly higher for the pilot as costs

were only during eligibility while benefits persisted post-eligibility.

1.5.2 Cost-benefit analysis

The previous cost-effectiveness section demonstrates that investments in bus driver skills and

financial incentives for drivers can cost-effectively improve fuel efficiency. A complete cost-

benefit analysis of these interventions would include other societal benefits and costs of these

interventions, such as safety co-benefits, the time-costs to passengers from a slower and safer

journey, and positive externalities from reduced emissions.

Safety co-benefits: Theory and evidence from case studies indicate that Safe and Fuel Efficient

Driving (SAFED) has significant safety co-benefits. “. . . on the whole, a safe driver is a green

driver, with anticipation, smoothness, and sensible speed being the defining characteristics",

49



and evidence from case studies also suggests that eco-driving training improves accident rates

(Young, Birrell, and Stanton 2011). Driving style affects safety through speeding, aggressive

driving habits, risky driving maneuvers, breaking traffic rules, et cetera. Safety co-benefits arise

because there is significant overlap in the techniques that improve fuel efficiency and safety.

While I cannot measure the safety co-benefits of the training and incentives interventions,

these are likely large. The Global Burden of Disease Project estimated that globally in 2010, road

injury was the 8th leading cause of death, with a death rate of about 19 per 100,000, and 1.3

million total deaths. The death rate for India was estimated as 22 per 100,000, and the gross

domestic product losses due to road crashes in India for 2014 were estimated to be as high as

4.6% (The World Bank and IHME 2014). Buses and trucks cause disproportionate road accident

fatalities in India. In one analysis of fatal highway accidents, the impacting vehicles were trucks

and buses for 65% and 15% of accidents respectively (Mohan et al. 2009), though victims were

typically on motorized two-wheelers, bicyles, or on foot. Another study of Bangalore, Karnataka

found that public transport buses were involved in 12% of fatal crashes (Kharola, Tiwari, and

Mohan 2010), despite being only about 1% of vehicles.

Positive externalities from reduced emissions: Reduced fuel consumption directly reduces

carbon emissions. Since this was achieved through Safe and Fuel Efficient Driving (SAFED)

techniques, local emissions of particulate matter and other pollutants were also reduced, with

accompanying health benefits. Thus there are substantial positive externalities from averted

carbon emissions and averted local air pollutant emissions.

Positive externalities on congestion through increased public transport bus services: Lowered

operating costs could indirectly improve the quantity of bus services provided by KSRTC. In

general, when operation and capital costs are lower, public transport agencies are able to provide

more services overall.

Negative impact for passengers and drivers from time-costs: Safe and fuel efficient driving

minimizes speeding and hence may lengthen the overall duration of the journey. As driver and

passenger time is valuable, this is a cost of SAFED.

Other: SAFED driving may also have other minor costs and benefits. Positive externalities

could include reduced congestion due to less lane switching and smoother driving by bus
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drivers. Costs could include the potential rental value of the bus for the longer duration. SAFED

may also change the maintenance costs for the vehicles and could either increase costs due to

the bus being operated for greater durations, or lower costs due to better driving causing less

damage.

1.6 Conclusion

A sizable literature demonstrates that the quality of government services in developing countries,

including India, is frequently poor (Finan, Olken, and Pande 2017). Public service providers

such as teachers and health care workers display high rates of absenteeism (Chaudhury et

al. 2006; Banerjee, Glennerster, and Duflo 2008; Duflo, Hanna, and Ryan 2012), often have

limited qualifications and skills (Das et al. 2012; Das, Hammer, and Leonard 2008), and receive

remuneration regardless of performance (Muralidharan and Sundararaman 2011). In India,

citizens often ‘vote with their feet’ and turn to private service providers instead (Banerjee,

Glennerster, and Duflo 2008; Kingdon 2007).

In this paper I analyze public transport provision, an important responsibility of the state.

The bus driver’s performance affects multiple dimensions of public transport quality, including

accident rates, vehicular emissions, and fuel costs, which are the single largest cost and thus

important for the quantity of bus services. I find that in this setting, human capital investment

for service providers through bus driver training has minimal impact. The training program

increased fuel efficiency by 0.0186 kilometers per liter, marginally significant, for four months

and had no noticeable effect thereafter. In contrast, even small performance-based financial

incentives lead to a demonstrable improvement. The incentives scheme improved fuel efficiency

by 0.0168 kilometers per liter for a twelve month period.

This study contributes to the body of experimental evidence indicating that outcome-based

financial incentives improve government worker performance (Finan, Olken, and Pande 2017). It

also demonstrates successful interventions for reducing the negative externalities of motorized

road transport, which is a leading global cause of death through vehicular pollution and road

injuries. The incentives offered in this study were low-powered due to public-sector related

constraints. Private sector bus or truck fleets could potentially provide much larger incentives to
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drivers and see significantly reduced fuel consumption. In the future, I hope to collect data on

safety outcomes to provide direct evidence on how interventions like training or incentives can

affect safety.
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Chapter 2

Personality Traits and Job Performance:

An Analysis of Public Sector Bus

Drivers in India

2.1 Introduction

A growing body of evidence indicates that personality traits of government employees are an

important determinant of job performance (Finan, Olken, and Pande 2017; Callen et al. 2015).

Research also shows that personality traits are malleable (Kautz et al. 2014). Callen et al. (2015)

point out that the importance of personality, together with the evidence that personality traits

are malleable, suggests that public service delivery can be improved by taking into account

non-cognitive attributes of employees. They suggest three channels to improve service delivery,

namely, incorporating personality traits into recruitment methods, incorporating personality

traits into hiring and firing decisions, and interventions that directly target non-cognitive

attributes. The literature demonstrates that recruitment methods affect the personality traits of

the applicant pool (Dal Bó, Finan, and Rossi 2013; Ashraf, Bandiera, and Lee 2016; Deserranno

2017), and that the success of interventions to improve job performance vary based on employee

personality traits (Callen et al. 2015; Ashraf, Bandiera, and Jack 2014).

Designing interventions that incorporate personality traits to improve screening, recruitment,
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or incentive structures is a fruitful area of research (Finan, Olken, and Pande 2017; Callen

et al. 2015). To design personality-based interventions on screening, recruitment, hiring and

firing, or incentive structure, it is necessary to have a better understanding of the importance

of personality traits under status quo policies in various settings. What is the distribution

of personality traits among government employees under current screening, recruitment, and

retention policies? In what settings, under what personnel policies, do personality traits affect

job performance? When do changes in incentive structure have heterogeneous treatment effects

based on employee personality traits?

This paper contributes to the emerging literature by analyzing how personality traits relate

to attendance, job performance, changes in incentive structure, and human resource decisions

among public sector bus drivers in Karnataka, India. I study 1522 bus driver employees of

the Karnataka State Road Transport Corporation (KSRTC), India’s 5th largest public sector bus

service provider. This builds on previous research, detailed in Chapter 1 of this dissertation, in

which I implemented a field experiment with KSRTC to evaluate the impact of two interventions

to improve safety and fuel efficiency: a training program and financial incentives.

I pair extensive administrative data from KSRTC with two surveys of bus drivers. A

September - October 2015 baseline survey has experimental measures of dishonesty through

cheating on a random dice task, risk aversion through an ordered lottery selection task, and

pro-socialness through a charity dictator game. I also measure time preferences through

hypothetical time discounting questions. For January 2015-February 2017, I collect detailed

administrative data on driver attendance at the workplace, as measured by the number of shifts

an employee is driving, along with shift-level fuel efficiency data for each driver. Finally, for 761

drivers, I conduct a second follow-up survey, using workplace interviews in the period April -

September 2016 to understand why drivers are not in attendance. For these 761 drivers, I collate

a dataset of human resource decisions on firing, suspension, transfers, authorized leave, and

duty reassignments.

Using these data sets, I first investigate the distribution of time preferences, risk aversion,

dishonesty, and pro-socialness under the current screening, hiring, and firing decisions at KSRTC,

and how these experimental measures correlate with each other. I analyze whether personality
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traits predict job performance, using two metrics: driver attendance and the driver’s average fuel

efficiency. I evaluate whether the training program or financial incentives had heterogeneous

effects based on these behavioral traits. Finally, I investigate whether behavioral measures predict

human resource decisions on transfers, suspensions, and duty reassignments.

I find that behavioral measures rarely predict job performance, nor do they predict who

responds to interventions to improve fuel efficiency. I evaluate whether behavioral traits predict

attendance, and find no correlations using a broad measure of attendance, the number of shifts

an employee is driving. Risk aversion, time preferences, and dishonesty do not predict fuel

efficiency. Pro-socialness is negatively correlated with fuel efficiency. I analyze whether either a

training intervention or a financial incentives intervention has heterogeneous treatment effects

based on the bus driver’s baseline measures of risk aversion, dishonesty, time preferences, and

pro-socialness, and find no differential effects.

To understand what distinguishes this setting from the many other contexts in which

personality traits are correlated with job performance, I delve into the descriptive statistics for

this group. In this population of public sector bus drivers in India, I find very high levels of

pro-socialness and honesty, in comparison to the literature. Fully 60% of the drivers donate the

maximum amount, 98.75% donate at least some amount, and the average donation is 82% of

the endowment. These pro-socialness levels are very high compared to the literature using the

charity dictator game (see Meier 2007 for a review; Hanna and Wang 2017; Ashraf, Bandiera, and

Jack 2014). Honesty levels are also much higher than most other studied populations (Hanna

and Wang 2017; Kröll and Rustagi 2016; Rosenbaum, Billinger, and Stieglitz 2014; Bucciol and

Piovesan 2011; Houser, Vetter, and Winter 2012; Fischbacher and Föllmi-Heusi 2013; Barfort

et al. 2015). Using individual measures of dishonesty, 18% of the drivers are dishonest at the 5%

statistical significance level. At the group level, 67.5% of the respondents are unconditionally

honest and do not cheat at all, 18.5% are partially dishonest, and 14% are strongly dishonest. I

also find that risk averse drivers are less likely to cheat on a random dice task or have hyperbolic

time preferences, and patient drivers are more likely to be pro-social.

Finally, I find that personality traits predict a number of human resource decisions. I use

a detailed measure of attendance that incorporates the human resource decisions for why the
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employee is not driving, such as that the driver is suspended, retired, on leave, transferred, and

so on. Dishonest drivers are more likely to be transferred to other branches or reassigned to

other duties, pro-social drivers are less likely to be on authorized leave, and risk-averse drivers

are more likely to be in attendance, less likely to be disciplined or absent, and more likely to be

on authorized leave.

Thus, in summary, personality traits have minimal effect on job performance. Personality

traits do not predict driver attendance. Pro-socialness predicts lower fuel efficiency performance,

but dishonesty, time preferences, and risk aversion are not correlated. I do not find that a change

in incentive structure has differential effects based on personality traits, nor does a training

program.

My results suggest that human resource policies may explain the findings. KSRTC has a

highly pro-social and honest group of employees, compared to the literature from other contexts.

While there is heterogeneity among drivers, the entire distribution of outcomes, such as the

mean, median, and the fraction of respondents who are pro-social or honest, is very positive.

This is likely to be a consequence of recruitment and human resource management policies at

KSRTC. I find evidence that dishonest drivers are more likely to be transferred or reassigned,

and risk-tolerant drivers are more likely to be disciplined or absent. Overall, my results suggest

that KSRTC manages its employee pool such that among retained drivers, personality traits

largely do not predict job performance. I hypothesize that the high wage premium KSRTC

drivers receive leads to a large applicant pool and allows management to be selective on multiple

dimensions during recruitment, selection, and retention.

This paper contributes to several strands of the literature on personality traits, job perfor-

mance, and public service delivery. First, I show that under selective human resource policies,

organizations can hire and retain employees with beneficial personality traits, and subsequent to

selection, personality traits do not predict job performance. This is related to Ashraf, Bandiera,

and Lee (2018)’s finding that while recruitment posters advertising career benefits attract more ta-

lented but less pro-social candidates on average, subsequent to selection, the candidates who are

actually hired are equally pro-social and more talented. It is also related to Callen et al. (2015)’s

suggestion that recruitment and hiring should incorporate personality traits. At KSRTC, human
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resource decisions are presumably based on candidate potential and job performance, and not

explicitly on personality traits, yet this indirectly creates an unusually honest and pro-social

group. Thus, to the extent that personality traits affect job performance, recruitment and hiring

do indirectly incorporate personality traits. Second, I add to the body of work using experimen-

tal measures of dishonesty, time preferences, risk aversion, and pro-socialness in developing

countries. I compare the distribution of these traits in this Indian bus driver population to

students and workers in other settings (Hanna and Wang 2017; Banerjee et al. 2016; Ashraf,

Bandiera, and Jack 2014; Ashraf, Karlan, and Yin 2006). Third, I contribute to the literature

demonstrating the relationship between behavioral traits and real-world outcomes (Hanna and

Wang 2017; Lagarde and Blaauw 2014), and show that personality traits predict a number of

human resource decisions in this setting. Fourth, I add to the research on whether interventions

to improve job performance can have heterogeneous effects based on the worker’s behavioral

traits (Ashraf, Bandiera, and Jack 2014; Callen et al. 2015; Banerjee et al. 2016), and find no effect

in this population.

Additionally, I also contribute to the literature on experimental measures of honesty in

field settings using a dice task (Fischbacher and Föllmi-Heusi 2013; Hanna and Wang 2017;

Kröll and Rustagi 2016; Rosenbaum, Billinger, and Stieglitz 2014). I demonstrate a relationship

between risk aversion and honesty on the dice task, which was not found among students

(Barfort et al. 2015) and may be specific to workplace settings. In Appendix B, I compare the

measurement errors from several possible dice task metrics. I note that the sample median

metric has substantial Type I error if the population is honest, and that metrics based on the

99th and 95th percentiles of the theoretical distribution are able to identify strongly dishonest

respondents but have low power to identify partially dishonest respondents.

This paper is structured as follows. Section 2.2 describes the background, the field experiment

with KSRTC, and KSRTC personnel practices. Section 2.3 describes the surveys, administrative

data, and experimental measures. Section 2.4 presents descriptive statistics of the experimental

measures and the correlation across measures. Section 2.5 analyzes whether baseline experi-

mental measures of behavioral traits predict driver attendance or fuel efficiency. Section 2.6

investigates whether the training program or financial incentives had heterogeneous effects
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based on personality traits. Section 2.7 tests whether personality traits predict human resource

decisions, and Section 2.8 concludes.

2.2 Background

I study public sector bus driver employees of the Karnataka State Road Transport Corporation

(KSRTC). KSRTC is a public transport agency owned by the Government of Karnataka, one of

India’s southern states. It is the 5th largest public sector bus service provider in India and serves

2.6 million passengers a day1. KSRTC operates passenger buses for intercity travel and employs

over 20,000 bus drivers across 79 branches.

Hiring at KSRTC is currently based on a standardized testing process for applicants who

meet certain qualifications, followed by a two year probation period. However, hiring practices

used to be more informal and patronage based, and many older drivers were hired through

that system. Management cannot easily dismiss workers, but they can suspend them relatively

easily. KSRTC management can also transfer drivers to other branches. Since some locations are

favored, transfers can be used as both a carrot and a stick. KSRTC drivers are also occasionally

reassigned to other roles, most commonly as a bus conductor.

KSRTC drivers are very well compensated, with total remuneration ranging from Rs. 30,000-

50,000 per month. New entrants get Rs. 20,000-25,000 a month. In comparison, the salary

range for privately employed car drivers in Bangalore is Rs. 10,000-20,000. KSRTC drivers

are unionized, with a fairly powerful union with frequent strikes2. Promotion is primarily

based on tenure, and wage increments are negotiated by the union and are about 8-10% a

year with an additional annual increment after 15 years of service. Some depots have small

performance-based bonuses such as annual prizes for safety.

This paper builds on a previous field experiment detailed at length in Chapter 1 of this

dissertation, in which I evaluate two interventions: a Safe and Fuel Efficient Driving (SAFED)

training program, and a financial incentives scheme for achieving fuel efficiency targets. 1522

1. “History of KSRTC" webpage, Karnataka State Road Transport Corporation. Available at
http://www.ksrtc.in/pages/history.html. Accessed on 15th August 2017.

2. About 5-6 strikes over the 1.5 years of project implementation.
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drivers from 34 branches were randomly assigned to a control group, training, incentives, or

both interventions. I collected extensive administrative data on shift-level fuel efficiency for a

26 month period and used a difference-in-difference empirical strategy. The training program

increased fuel efficiency in the short term for four months and had no effect thereafter. The

incentives scheme increased fuel efficiency for a twelve month period. I find no evidence of any

complementarities between training and incentives.

2.3 Data

2.3.1 Survey and Administrative Data

I combine three sources of data: a 2015 baseline survey of bus drivers, a second 2016 survey

on employee attendance and human resource decisions, and administrative data on shift-level

attendance and fuel efficiency for 2015-2017.

In September and October 2015, I recruited 1522 drivers from 34 KSRTC branches to partici-

pate in the research. I conducted a baseline survey of these drivers which included experimental

measures of pro-socialness, dishonesty, risk aversion, and time preferences. These measures are

described in detail in Section 2.3.2. The survey also collected demographic details, education

history, questions on previous training experiences at KSRTC, questions on the status quo

incentive schemes at KSRTC, a set of questions on baseline knowledge of the theory of safe and

fuel efficient driving, a job satisfaction measure, and an accident history.

I also gathered extensive KSRTC administrative data on driver attendance and fuel efficiency.

For each of the participating drivers, I collected data on every shift they drove between January

2015 and February 2017. For each shift, I collected data on kilometers traveled (KM), diesel

consumption (liters), vehicle used, route traveled, number of drivers on the shift, date, and

other shift-level variables. I use this to estimate shift level fuel efficiency, i.e. kilometers per liter

(KMPL) (calculated as kilometers traveled in KM/diesel consumed in liters).

Finally, in 2016, for 761 drivers, I conducted a follow-up survey at the workplace. These

drivers were tracked for three months each at some point in the period April - September 2016.

The field survey team made contact with each of these 761 drivers, or, if they were not available
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at the workplace, asked the management team why the driver was missing. I use the responses

provided by the KSRTC management to collate a dataset of human resource decisions for these

drivers.

2.3.2 Experimental Measures of Behavioral Traits

I measure respondents’ pro-socialness through a charity dictator game, risk aversion through

an ordered lottery selection task, dishonesty through propensity to cheat on a random dice

task, and time preferences through hypothetical time discounting questions. I describe these

experimental measures in detail below.

Risk aversion: To elicit risk aversion, I used an ordered lottery selection task, following Eckel

and Grossman (2002, 2008). Respondents selected one out of five ordered lotteries with linearly

increasing expected values and greater standard deviations. Once the respondent picked a lottery,

it was immediately played and respondents received their winnings. Each lottery involved a coin

toss. The first lottery choice, Lottery 1, yielded Rs. 40 if the coin landed “Heads” or “Tails”. The

final lottery choice, Lottery 5, yielded Rs. 120 if the coin landed “Heads” and Rs. 0 if the coin

landed “Tails”. This ordered lottery selection task was selected after extensively piloting risk

aversion measures. Respondents found most commonly used risk aversion measures difficult

to comprehend. The ordered lottery selection task was carefully designed to be appropriate

for this setting. The lottery was a coin toss as this is well understood due to its use in India’s

popular sport, cricket. Before respondents selected a lottery, they were questioned on what the

outcomes would be if hypothetical people played the game. If respondents seemed unclear on

how the game worked, the instructions were repeated. Appendix Figure B.1 shows the lottery

task instructions.

Pro-socialness: To measure pro-socialness, I conducted a standard dictator game where

respondents could divide Rs. 30 between themselves and a charity of their choice out of 7 options.

The charity choices and task instructions followed Hanna and Wang (2017). Respondents were

told they could keep the entire Rs. 30, donate the entire Rs. 30, or split it. Every rupee they

donated was doubled by the research team. For instance, if a respondent donated Rs. 30, Rs. 60

was given to the charity. Appendix Figure B.2 shows the dictator game instructions.
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Dishonesty: To measure dishonesty, I implemented a dice task, closely following Hanna and

Wang (2017). Participants were asked to privately roll a six-sided die 42 times and record each

outcome. Respondents received Rs. 0.50 for each point, i.e. Rs. 0.50 for a 1 and Rs. 3.00 for

a 6, for a maximum possible payment of Rs. 126 and a minimum possible payment of Rs. 21.

Appendix Figure B.3 shows the dice task instructions. Respondents were assured of privacy as

the survey team was asked to step away during this task. I compare the individual’s total dice

points to the theoretical distribution of total points for 42 dice rolls to get an estimate of cheating.

As privacy was ensured, it is not possible to measure dishonesty with certainty, but the total

dice points measure is highly correlated with cheating.

Time Preferences: I measured time preferences through a series of hypothetical time discoun-

ting questions, closely following Ashraf, Karlan, and Yin (2006). Early in the survey, I asked

respondents “Suppose you had the choice, would you prefer to receive Rs. 800 guaranteed today,

or Rs. 1000 guaranteed in 1 month?". If they preferred Rs.800 today, I repeated the question

offering Rs. 1200 in 1 month. If they still preferred Rs. 800 immediately, I asked how much

money they would want to wait for a month. After about 20 minutes, I repeated the questions

with reference to 6 and 7 months. Based on the responses, I characterize respondents as having

consistently patient, consistently impatient, patient now-impatient later, and hyperbolic time

preferences. Table 2.2 provides more detail on the questions, responses, and time preference

categories.

2.4 Outcomes of Experimental Measures of Behavioral Traits and Cor-

relation Across Measures

I present summary statistics on the experimental measures of behavioral traits, along with the

correlations across measures. I find very high levels of pro-socialness and honesty, a uniform

distribution of risk aversion, and substantial levels of patience. Risk averse drivers are less likely

to cheat on the dice task. Unlike Hanna and Wang (2017) and Barfort et al. (2015), I find no

negative correlation between pro-socialness and dishonesty. A correlation between risk aversion

and honesty on the dice task may be specific to workplace settings, given that Barfort et al. (2015)
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find no correlation among students. I also find that consistently impatient respondents are less

pro-social, hyperbolic respondents are less risk-averse, and consistently patient respondents are

more pro-social.

2.4.1 Descriptive Statistics on Experimental Measures of Behavioral Traits

Table 2.1 presents descriptive statistics on demographic data, risk aversion, pro-socialness,

dishonesty, and time preferences.

Dishonesty: I find high levels of honesty in this population. I first report the individual-level

dishonesty measures used by Hanna and Wang (2017). Across 42 dice rolls, the theoretical mean

is 147 points. Among the 1511 respondents for the dice task, the mean and median is 153 points,

9% of the respondents have scores above the theoretical 99th percentile, and 18% have scores

above the theoretical 95th percentile. Figure 2.1 shows the distribution of dice points in the

sample and compares it to the theoretical distribution.

Figure 2.1: Distribution of Dice Points in Dishonesty Task
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Table 2.1: Descriptive Statistics on Behavioral Traits

Mean Standard Deviation Count

Demographic & Career:
Age (years) 38.88 8.46 1522
Education (years) 10.27 1.92 1522
KSRTC tenure (years) 10.01 8.14 1522
Job satisfaction (score) 4.54 0.84 1520
Attended driving school 0.04 0.20 1522
Attended KSRTC training 0.86 0.35 1522
Has had accident 0.58 0.49 1520

Risk Aversion:
Risk aversion (score) 3.06 1.47 1520

Pro-Socialness:
Amount Donated (Rs.) 24.60 7.53 1521
Donated >= Median 0.60 0.49 1521

Dishonesty:
Dice Task points (points) 153.31 14.52 1511
Dice points > 95p 0.18 0.38 1511
Dice points > 99p 0.09 0.28 1511

Time Preferences:
Consistently Patient 0.58 0.49 1509
Consistently Impatient 0.12 0.33 1509
Hyperbolic 0.22 0.41 1509
Patient Now Impatient Later 0.08 0.26 1509

Time Preferences are CoPa(Consistently Patient), CoIm(Consistently Impa-
tient),Hype(Hyperbolic), and PNIL(Patient Now Impatient Later)(see Table 2.2 for
details. Dice points > 99p and > 95p are indicators that the respondent’s total dice
points was above the 99th and 95th percentiles respectively of the theoretical distri-
bution. Job satisfaction scores range from 1 (very dissatisfied) to 5 (very satisfied).
Risk aversion scores range from 1 (riskiest lottery selected) to 5 (safest lottery se-
lected). ’Amount Donated (Rs.)’ indicates the amount donated (between Rs. 0-30) in a
pro-socialness game. ’Donated >= median’ indicates the driver donated the median
amount, Rs.30 (the maximum).
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I next report group-level measures of dishonesty. I estimate that 67.5% of the respondents

are unconditionally honest and do not cheat at all, 18.5% are partially dishonest, and 14% are

strongly dishonest, i.e. they report dice points above the 95th percentile. I present estimated

frequency distributions for honest and dishonest respondents in Appendix Table B.3. Appendix

B has a detailed discussion of how I estimate frequency distributions, along with a discussion of

the measurement error from several possible metrics.

This population, with 67.5% unconditionally honest respondents, is more honest than most

other groups noted in the literature. In a review of experimental evidence on honesty, Rosenbaum,

Billinger, and Stieglitz (2014) summarize outcomes from different types of honesty games, and

the vast majority of study populations report honesty levels either lower than or similar to my

sample. Looking specifically at dice tasks and other games of chance, reported honesty levels

have been lower in almost all other samples. One exception is that Hanna and Wang (2017) find

similar levels of dishonesty among government nurses in Karnataka, India. Using the same task,

they find that the mean dice points among nurses was 152 points, and 9.4% reported points

above the theoretical 99th percentile. The nurses were paid in candy, while the bus drivers were

paid in cash, yet cheating levels are strikingly similar. It is possible that nurses would have

cheated to a different extent with a cash reward. Using the same dice task, Kröll and Rustagi

(2016) find in a study of 72 informal milkmen in Delhi that 50% are unconditionally honest,

37.5% are weakly dishonest, and 12.5% are strongly dishonest. The honesty among the KSRTC

bus drivers is much higher than what students demonstrate on the dice task. Hanna and Wang

(2017) study college students in Karnataka and find very high levels of cheating. The mean of

dice points was 168 and 34% of students reported scores above the theoretical 99th percentile.

Fischbacher and Föllmi-Heusi (2013) also find high cheating levels among Swiss students on

a similar dice task. 20% of the students lied to the full extent possible, 41% were partial liars,

and 39% were honest. In another variation of this task, Barfort et al. (2015) study students

in Denmark and find that 13% of students cheat all the time, 10% barely cheat, and 77% are

in-between. Reported honesty levels are also lower in other games of chance. In one coin toss

game with children, Bucciol and Piovesan (2011) find around 85% report the high outcome,
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relative to a theoretical 50%, implying that 30% were fully honest3. Among students in Munich,

74.5% reported the better outcome in a coin toss game, implying that about 50% were fully

honest (Houser, Vetter, and Winter 2012).

Pro-socialness: I find very high levels of pro-socialness in this population. The median

amount donated is Rs. 30, the maximum possible, which was selected by fully 60% of the

respondents. The mean donation is Rs. 24.60. Thus, on average, drivers kept 18% of their

endowment and donated 82%. 98.75% of the drivers donate at least some money. Figure 2.2

shows the entire distribution of amounts donated. The distribution is concentrated around

round numbers - Rs. 30 is the most common, followed by Rs. 20, Rs. 10, and Rs. 15. In the

development economics literature, donation rates have usually been lower in charity dictator

games. Hanna and Wang (2017) find that students in Karnataka kept 59% of their endowment

on average and donated 41%. Ashraf, Bandiera, and Jack (2014) find that community health

workers kept 55% on average and donated 45% of their endowment. Turning to the broader

literature, the donation levels found among the Karnataka bus drivers are large compared to

most estimates (see Meier (2007) and Hanna and Wang (2017) for summaries of the literature).

There is significant heterogeneity in the amount donated in dictator games, based on the setting,

the exact framing of the experiment, and so on (see Meier (2007) for a review of the economic

theories and field evidence on pro-social behavior). Dictator games in which the donated amount

goes to a charity, rather than an anonymous individual, have higher donation rates (Eckel and

Grossman 1996).

3. Assuming that the distribution among honest people matches the theoretical distribution, and assuming that
those who report the low outcome are all honest, I expect 15%*2 to be unconditionally honest. See Appendix B.2 for
more details.
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Figure 2.2: Amount Donated in Pro-Socialness Game

Risk aversion: The distribution of risk aversion scores in this population is close to uniform.

As seen in Figure 2.3, 20.8% of drivers chose the riskiest lottery and had a risk aversion score

of 1. 18% had a score of 2, 20.7% had a score of 3, 15.8% had a score of 4, and 24.7% chose the

safest lottery and had a score of 5. I use the Eckel-Grossman ordered lottery measure of risk

aversion (Eckel and Grossman 2002, 2008). Comparing my results to the literature, I note that

the bus driver sample is more risk averse than the original samples by Eckel and Grossman, and

has similar levels of risk aversion to a sample of Indian students. In a lab experiment among

students in the USA, Eckel and Grossman (2002) found that 5% chose the safest lottery, 17.5%

the next safest, 32.5% the middle lottery, 20.5% the second riskiest, and 24.5% chose the riskiest

lottery4. In a later study among a similar population, they found that 4.3% chose the safest

lottery, 16.4% the next safest, 32.8% the middle lottery, 22.7% the second riskiest, and 23.8%

chose the riskiest lottery (Eckel and Grossman 2008). Among Indian undergraduate students

doing the Eckel-Grossman task, Dasgupta et al. (2016) find that 20% chose the safest lottery, 22%

4. I use the reported frequencies of lottery choice in Table 2. 10 participants chose lottery 1, the safest lottery, 35
chose lottery 2, 65 chose lottery 3, 41 chose lottery 4, and 49 chose lottery 5, out of 200 participants.
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the next safest, 21% the middle lottery, 18% the fourth lottery, and 19% chose lotteries 5 and 6

(which are similar to lottery 5 in my study).

Figure 2.3: Distribution of Risk Aversion Scores

Time preferences: Table 2.1 summarizes the distribution of time preferences, while Table 2.2

shows details of the responses to specific hypothetical questions. Overall, 58% of the drivers are

consistently patient and always choose to wait one month to receive a larger sum, regardless

of whether the hypothetical scenario is in the present or future. Around 12% are consistently

impatient. 22% demonstrate hyperbolic preferences, and are impatient in a hypothetical scenario

in the present and are patient in a hypothetical scenario in the future. Finally, 8% have ‘Patient

Now Impatient Later’ preferences, where they are impatient in a hypothetical future scenario

but patient in the present. The time preferences questions I use are based on Ashraf, Karlan, and

Yin (2006), where they study clients of a Philippine bank. In that population, patience levels are

much lower. Using the classification described above, 34.4% are consistently patient, 25.3% are

consistently impatient, 25.7% have hyperbolic time preferences, and 14.6% have ‘Patient Now

Impatient Later’ preferences.
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Table 2.2: Details of Responses to Time Preference Questions

Q2. Indifferent between Rs. 800 in 6 months
and Rs. X in 7 months

X < 1000 1000 < X 1200 < X Missing Total
< 1200

Q1.
Indiffe-
rent
bet-
ween
Rs.
800
now
and Rs.
X in 1
month

X < 1000 875 40 67 2 984
(57.49) (2.63) (4.40) (0.13) (64.65)
[CoPa] [PNIL] [PNIL] [Miss]

1000 < X 82 27 7 0 116
< 1200 (5.39) (1.77) (0.46) (0.00) (7.62)

[Hype] [CoIm] [PNIL] [Miss]

1200 < X 225 25 161 0 411
(14.78) (1.64) (10.58) (0.00) (27.00)
[Hype] [Hype] [CoIm] [Miss]

Missing 1 0 0 10 11
(0.07) (0.00) (0.00) (0.66) (0.72)
[Miss] [Miss] [Miss] [Miss]

Total 1183 92 235 12 1522
(77.73) (6.04) (15.44) (0.79) (100.00)

In each cell I report the number of drivers, with percentages in parentheses and time preference
category in square brackets. CoPa is Consistently Patient, Hype is Hyperbolic, CoIm is Consistently
Impatient, PNIL is Patient Now, Impatient Later, and Miss indicates Missing data.

The X in the rows are determined by responses to Questions 1a and 1b. 1a: ’Suppose you had the
choice, would you prefer to receive Rs. 800 guaranteed today, or Rs.1000 guaranteed in 1 month?’
If the respondent preferred Rs. 1000 in 1 month, I assume X < 1000. If the respondent preferred
Rs.800 now, I asked Question 1b: ’Suppose you had the choice, would you prefer to receive Rs. 800
guaranteed today, or Rs.1200 guaranteed in 1 month?’ If the respondent preferred Rs. 1200 in 1
month, I assume 1000 < X < 1200. If the respondent preferred Rs. 800 now, I assume 1200 < X.

About 20 minutes later in the survey, I repeated the questions with respect to 6 and 7 months
(Question 2a: ’Suppose you had the choice, would you prefer to receive Rs. 800 guaranteed in 6
months, or Rs.1000 guaranteed in 7 months?’) The X in the columns are determined by responses to
Questions 2a and 2b.

2.4.2 Correlation Across Experimental Measures

In this section, I study which factors are correlated with dishonesty, risk aversion, time prefe-

rences, and pro-socialness in this setting. In particular, unlike the dictator game or ordered

lottery task, the dice task to measure dishonesty is fairly new (Fischbacher and Föllmi-Heusi
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2013; Hanna and Wang 2017). Since it is increasingly used in experimental economics (Banerjee

et al. 2016; Barfort et al. 2015; Kröll and Rustagi 2016), it is helpful to understand the factors

that correlate with dice task outcomes in different field settings. Table 2.3 shows the factors that

predict dishonesty and pro-socialness, and Table 2.4 shows the factors that predict risk aversion

and consistently patient time preferences. I use OLS regressions, where odd numbered columns

analyze the correlation of the behavioral trait with basic demographic variables and with other

behavioral measures, and even numbered columns also include career characteristics.

Dishonesty: I find that risk averse drivers are less likely to cheat on the dice task. Unlike

Hanna and Wang (2017) and Barfort et al. (2015), I do not find that less pro-social drivers are

more likely to cheat on the dice task. Cheating on the dice task does not correlate with age,

education, time preferences, or career characteristics such as job tenure or job satisfaction, with

the exception that dishonest respondents are more likely to have attended KSRTC training in

the past. The outcome variable in Table 2.3 is an indicator for drivers who reported dice points

above the 95th percentile of the theoretical distribution (see Appendix B.2 for a discussion of

alternate metrics).

My results suggest that workplace respondents, especially risk averse respondents, may fear

hidden consequences to cheating. I conduct the dice task in the workplace and not a university,

and find that risk aversion is negatively correlated with cheating. In contrast, Barfort et al. (2015)

implement a variation of this dice task among students in Denmark, along with an experimental

measure of risk aversion, and find no correlation. Hanna and Wang (2017), who report much

higher levels of cheating among students than nurses, note that one possible explanation of

the differences is that the nurses were in a workplace setting. Given the difference between my

result and Barfort et al. (2015), this explanation seems likely.
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Table 2.3: Factors that Predict Dishonesty and Pro-Socialness

Dishonesty: Pro-Socialness:
Dice points > 95p Donated >= Median

(1) (2) (3) (4)

Behavioral Traits:

Risk aversion (score) -0.0215∗∗∗ -0.0218∗∗∗ -0.0123 -0.0108
(0.00693) (0.00695) (0.00848) (0.00847)

Amount donated >= median -0.0211 -0.0222
(0.0203) (0.0203)

Dice points > 95p -0.0348 -0.0364
(0.0333) (0.0332)

TP=Consistently Impatient -0.00712 -0.0106 -0.171∗∗∗ -0.174∗∗∗

(0.0310) (0.0308) (0.0399) (0.0399)

TP=Hyperbolic -0.00193 -0.00383 -0.0254 -0.0213
(0.0248) (0.0251) (0.0316) (0.0316)

TP=Patient Now Impatient Later -0.0429 -0.0414 -0.0378 -0.0279
(0.0341) (0.0342) (0.0490) (0.0492)

Demographic Characteristics:

Age (years) -0.00139 -0.00166 0.00141 -0.00751∗∗

(0.00137) (0.00274) (0.00185) (0.00348)

Education (years) -0.000921 -0.00161 0.0158∗ 0.0227∗∗∗

(0.00647) (0.00676) (0.00828) (0.00850)

Career Characteristics:

KSRTC tenure (years) 0.000147 0.0110∗∗∗

(0.00299) (0.00373)

Job satisfaction (score) 0.00216 0.0293∗

(0.0123) (0.0158)

Attended driving school 0.0731 -0.00162
(0.0551) (0.0631)

Attended KSRTC training 0.0637∗∗ 0.0177
(0.0247) (0.0364)

Has had accident -0.0136 -0.00719
(0.0205) (0.0262)

Constant 0.321∗∗∗ 0.281∗∗ 0.459∗∗∗ 0.476∗∗∗

(0.110) (0.135) (0.143) (0.177)

N 1500 1500 1500 1500

* p < 0.10, ** p < 0.05, *** p < 0.01 . Parentheses contain robust standard errors. Dice points
> 95p indicates total dice points was above the 95th percentile of the theoretical distribution.
Donated >= median indicates total amount donated in the pro-soialness game was at or above
the median.
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Table 2.4: Factors that Predict Risk Aversion and Time Preferences

Risk Aversion: Time Preferences:
Risk Aversion (score) Consistently Patient

(1) (2) (3) (4)

Behavioral Traits:

Risk aversion (score) 0.00791 0.0101
(0.00866) (0.00865)

Amount donated >= median -0.112 -0.0985 0.0726∗∗∗ 0.0693∗∗∗

(0.0768) (0.0770) (0.0262) (0.0262)

Dice points > 95p -0.320∗∗∗ -0.324∗∗∗ 0.0183 0.0211
(0.103) (0.103) (0.0334) (0.0333)

TP=Consistently Impatient -0.0394 -0.0537
(0.119) (0.119)

TP=Hyperbolic -0.172∗ -0.189∗∗

(0.0946) (0.0947)

TP=Patient Now Impatient Later 0.179 0.145
(0.138) (0.139)

Demographic Characteristics:

Age (years) 0.00778 0.0123 0.00161 0.00318
(0.00553) (0.0106) (0.00186) (0.00352)

Education (years) -0.00188 -0.0101 -0.00381 -0.000839
(0.0246) (0.0255) (0.00820) (0.00850)

Career Characteristics:

KSRTC tenure (years) -0.00499 -0.00222
(0.0113) (0.00378)

Job satisfaction (score) -0.125∗∗∗ 0.0437∗∗∗

(0.0436) (0.0154)

Attended driving school 0.178 -0.175∗∗∗

(0.197) (0.0628)

Attended KSRTC training 0.0749 0.00711
(0.104) (0.0365)

Has had accident -0.00882 0.0186
(0.0789) (0.0265)

Constant 2.923∗∗∗ 3.385∗∗∗ 0.485∗∗∗ 0.202
(0.417) (0.503) (0.143) (0.174)

N 1500 1500 1500 1500

* p < 0.10, ** p < 0.05, *** p < 0.01 . Parentheses contain robust standard errors. Consistently
patient=1 if time preferences were CoPa and =0 for Hype, CoIm, or PNIL (see Table 2.2 for
details.). Risk aversion scores range from 1 to 5 (safest lottery selected). Dice points > 95p
indicates total dice points was above the 95th percentile of the theoretical distribution.
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Pro-socialness: I find that consistently impatient respondents donate less in the dictator game,

relative to the reference group of consistently patient drivers, and find no correlation between

pro-socialness and dishonesty, or pro-socialness and risk aversion. I also find that pro-socialness

correlates positively with education, tenure at KSRTC, and job satisfaction, and negatively with

age. Table 2.3 shows the factors that predict pro-socialness, measured as an indicator for drivers

who donated the median amount, which was the maximum amount, Rs. 30.

Risk Aversion: Risk aversion is negatively correlated with reporting dice points above the 95th

percentile of the theoretical distribution, negatively correlated with having hyperbolic preferences

relative to the consistently patient drivers, and negatively correlated with job satisfaction. Table

2.4 shows the factors that predict risk aversion, as measured by the lottery selected in the

Eckel-Grossman ordered lottery selection task.

Time Preferences: I find that consistently patient respondents are around 7 percentage points

more likely to donate the median (maximum in this case) amount in the pro-socialness dictator

game. I also find that consistently patient drivers have higher job satisfaction scores, and are

less likely to have attended formal driving school. Table 2.4 shows the factors that predict

consistently patient time preferences. The outcome variable is an indicator for being consistently

patient, with the reference group being respondents with a mixture of consistently impatient,

hyperbolic, and ‘Patient Now Impatient Later’ (PNIL) time preferences.

To further investigate variation based on time preferences, I conduct a series of pair-wise

mean comparison tests in Appendix Table B.1. For two of the three experimental measures -

risk aversion and pro-socialness - there are statistically significant differences based on time

preferences. For risk aversion, respondents with hyperbolic time preferences report the lowest

risk aversion scores, with a mean of 2.90 (maximum score of 5). Consistently patient and

consistently impatient drivers have similar average risk aversion scores, 3.08 and 3.06 respectively.

PNIL drivers have the highest risk aversion scores, an average of 3.26. The difference between

the consistently patient and hyperbolic groups is significant at the 10% level, and the difference

between the hyperbolic and PNIL groups is statistically significant at the 5% level. In the case of

pro-socialness, consistently patient, hyperbolic, and PNIL drivers report similar scores, with 63%,

60.5%, and 59.6% of drivers respectively donating the median amount (the maximum of Rs. 30).
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In contrast, consistently impatient drivers donate substantially less, with only 46.3% of drivers

donating the maximum (the median) amount. All three pair-wise comparisons of consistently

impatient drivers with the other groups are statistically significant. For the dice task, consistently

patient, consistently impatient, hyperbolic, and PNIL drivers report fairly similar outcomes, with

17.8%, 17.6%, 18.2%, and 13.3% respectively reporting scores above the 95th percentile of the

theoretical distribution. There are no significant differences. Turning to demographic data, I find

no differences of age or education. There are some differences on career characteristics including

tenure at KSRTC, job satisfaction, driving school history, and accident history, which are detailed

in Appendix Table B.1.

2.5 Do Behavioral Measures Predict Job Performance?

I investigate whether behavioral measures predict two job performance metrics: attendance and

fuel efficiency. I find no correlations using a broad measure of attendance, the number of shifts

an employee is driving. Risk aversion, time preferences, and dishonesty do not predict fuel

efficiency, however, there is a negative correlation between pro-socialness and fuel efficiency.

Personality traits have been shown to predict job performance in a number of contexts. For

instance, Lagarde and Blaauw (2014) show that pro-socialness measured by the dictator game

predicts the take-up of rural postings by nurses, Hanna and Wang (2017) show that cheating on

the dice task predicts absenteeism among government nurses, and Callen et al. (2015) show that

doctors with higher personality scores attend work more and falsify reports less.
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Table 2.5: Factors that Predict Driver Attendance and Fuel Efficiency

Attendance in Attendance in Mean KMPL in
Jan2015-Feb2016 Mar2016-Feb2017 Jan2015-Feb2016

(1) (2) (3) (4) (5) (6)

Behavioral Traits:

Risk aversion (score) 0.617 0.658 0.236 0.277 0.00564 0.00362
(1.421) (1.409) (1.298) (1.291) (0.00967) (0.00962)

Amount donated >= median 0.754 1.196 -1.111 -0.890 -0.0769∗∗∗ -0.0695∗∗

(4.218) (4.173) (3.878) (3.867) (0.0289) (0.0289)

Dice points > 95p -1.975 -2.537 0.368 -0.0771 0.0445 0.0509
(5.424) (5.357) (4.974) (4.947) (0.0382) (0.0381)

Consistently patient -0.975 -2.480 -0.280 -1.423 0.0246 0.0300
(4.165) (4.132) (3.823) (3.818) (0.0294) (0.0292)

Demographic Characteristics:

Age (years) -0.483 0.813 0.152 0.970∗ -0.0112∗∗∗ -0.00446
(0.307) (0.548) (0.287) (0.533) (0.00213) (0.00377)

Education (years) -4.807∗∗∗ -4.907∗∗∗ -2.735∗∗ -2.685∗∗ -0.0212∗∗ -0.0286∗∗∗

(1.394) (1.453) (1.271) (1.324) (0.00915) (0.00947)

Career Characteristics:

KSRTC tenure (years) -1.664∗∗ -1.057∗ -0.00734∗

(0.649) (0.606) (0.00417)

Job satisfaction (score) 1.846 1.520 -0.0487∗∗∗

(2.225) (2.029) (0.0168)

Attended driving school -34.04∗∗∗ -25.92∗∗∗ -0.0223
(9.968) (8.287) (0.0775)

Attended KSRTC training 24.97∗∗∗ 19.18∗∗∗ -0.116∗∗∗

(5.874) (5.104) (0.0411)

Has had accident 3.303 2.658 -0.0557∗

(4.234) (3.899) (0.0299)

Constant 209.9∗∗∗ 147.5∗∗∗ 133.8∗∗∗ 88.84∗∗∗ 5.329∗∗∗ 5.565∗∗∗

(23.04) (26.54) (21.64) (25.83) (0.160) (0.189)

Number of drivers 1500 1500 1500 1500 1411 1411
.
Dependent Variable Mean 143.2 143.2 111.6 111.6 4.669 4.669

* p < 0.10, ** p < 0.05, *** p < 0.01. Parentheses contain robust standard errors. Attendance is measured as
the number of shifts for the period, Mean KMPL is the simple average of kilometers per liter in all shifts over
the period. Risk aversion scores range from 1 (riskiest lottery selected) to 5 (safest lottery selected).’Donated
>= median’ indicates the driver donated the median amount, Rs.30 (the maximum possible), in the pro-
socialness dictator game. Dice points > 95p indicates that the respondent’s total dice points was above the
95th percentile respectively of the theoretical distribution. Consistently patient indicates the reported time
preferences were consistently patient (see Table 2.2 for details.) Job satisfaction scores range from 1 (very
dissatisfied) to 5 (very satisfied).
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I use a broad measure of attendance, the number of shifts an employee works as a driver

in that branch. With this metric, I find no correlations between behavioral characteristics and

attendance. Table 2.5 analyzes which factors predict driver attendance. I consider two outcome

variables: attendance between January 2015 and February 2016, before the field experiment

started, and attendance between March 2016 and February 2017 in the post-intervention period.

Attendance is defined as the driver being present at work for a shift, in that branch, and

performing work as a driver. This is a broad measure of attendance, and drivers could show lack

of attendance for a number of reasons, which are a mixture of absenteeism, authorized leave,

and other short term factors, as well as long term or permanent factors such as resignations and

retirements.

I also analyze fuel efficiency for the period January 2015 to February 2016, before the field

experiment started, as shown in Table 2.5. The outcome variable is the simple average of

shift-level fuel efficiency for the driver’s shifts, measured in kilometers per liter (KMPL). Risk

aversion, time preferences, and dishonesty do not predict performance on the fuel efficiency

metric. However, pro-social drivers have a lower average fuel efficiency in the pre-intervention

period. It is not entirely clear why this relationship exists. It is possible that pro-social drivers are

assigned to, or request, a different type of route, such as driving in cities rather than highways.

City driving is less fuel efficient. It is also possible that pro-social drivers drive differently, and

are more willing to sacrifice fuel efficiency for passenger comfort - for instance, they might keep

air conditioning on for longer, which is better for passengers but lowers fuel efficiency.

2.6 Do Behavioral Measures Predict Responses to Job Performance

Interventions?

I analyze whether either the training intervention or the financial incentives intervention have

heterogeneous treatment effects on fuel efficiency based on the bus driver’s baseline measures of

risk aversion, dishonesty, time preferences, and pro-socialness. The results are presented in Table

2.6. I find no evidence of any heterogeneous treatment effects. In Chapter 1 of this dissertation I

present the main effects, which are summarized in Section 2.2.
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A substantial and growing literature demonstrates that interventions to improve job perfor-

mance can have heterogeneous effects based on the worker’s personality traits. For instance,

Ashraf, Bandiera, and Jack (2014) find that both financial and non-financial incentives for pro-

moting public health were more effective among pro-socially motivated Zambian agents. In

another study in Pakistan, Callen et al. (2015) find that health inspectors who had higher scores

on two personality measures - the Big Five and Perry Public Sector Motivation scores- had a

larger treatment response to a randomized intervention that increased monitoring. In Indonesia,

Banerjee et al. (2016) conduct a randomized field experiment that reforms the implementation

of a subsidized rice program. They use the same dice task I used in Karnataka, and find that

individuals who show higher levels of dishonesty on the dice task are more likely to block the

reforms and protect the rent-seeking present in the status quo.

Treatment effects did not vary by pro-socialness in this study. In many settings, financial

incentives have caused perverse effects among the pro-socially motivated (Bénabou and Tirole

2006), though as Finan, Olken, and Pande (2017) point out, it is not clear if this is an important

issue in the context of governments. In fact, Ashraf, Bandiera, and Jack (2014) find that the

effect of both financial and non-financial incentives are greater for pro-socially motivated agents.

They recruited hairdressers and barbers in Zambia to provide information on HIV prevention

and to sell condoms. They implement a randomized controlled trial evaluating small financial

incentives, large financial incentives, and non-financial incentives to sell condoms. Pro-socially

motivated participants, who donated more to an HIV charity in a baseline dictator game, respond

more strongly to both financial and non-financial rewards.

I do not find any evidence that there were heterogeneous responses to the interventions

based on cheating on the dice task. I evaluate if the training program was less effective among

dishonest workers due to shirking, and if financial incentives were more effective among drivers

who cheated on the dice task, who may have a large marginal value for money. As Hanna and

Wang (2017) show, cheating on the dice task is correlated with absenteeism among government

nurses in Karnataka, where they note that an absentee worker is fraudulently collecting a salary

for a day not worked. There could be similar shirking in the training program, if drivers treated

it as a form of paid leisure and ignored the work purposes. The training program involved
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two or three days off regular work. The training schedule had fewer hours than a typical shift.

Often, the training program was held out of station, with lodging and food provision for the

participating drivers. If drivers treated it as paid leisure, it would be a type of shirking, and if it

did occur, it was plausibly more common among drivers who cheated on the dice task. I also

study whether dishonest individuals may have disproportionately strong responses to financial

incentives. Cheating on the dice task implies the respondent prioritized the money available

from cheating over the intrinsic benefits of staying honest. The dice task thus reveals people

who are relatively dishonest. However, cheating on the dice task may also represent a very high

value on money.

I hypothesize that the training intervention might have a larger impact on risk-averse drivers,

but do not find any evidence that this is the case. I expect risk averse drivers to place a greater

value on personal safety. Risk averse drivers who are taught safety techniques in the SAFED

training program may thus be more intrinsically motivated and demonstrate a larger treatment

response when given training.

I find some evidence of heterogeneous treatment responses based on time preferences, but it

is inconsistent and specification-sensitive. I hypothesize that consistently patient drivers face

fewer intrinsic costs if they have to drive at moderate speeds. Safe and fuel efficient driving

inherently involves driving at moderate speeds and not speeding. Impatient drivers, in contrast,

may face intangible costs if they are constrained from driving fast. Table 2.6 compares the

treatment effect for consistently patient drivers, relative to drivers in the consistently impatient,

patient now-impatient later, and hyperbolic categories. The specification without controls has no

statistically significant differences. The specification with controls does find that training was less

effective in the consistently patient subgroup, and that the interaction effect was more effective.

This result is not robust, given that the estimates differ dramatically with and without controls.

In Table 1.7 I implement an additional subgroup analysis by time preference, for the specification

without controls. None of the treatment effects are statistically significant in subgroups and the

results overall do not suggest significant heterogeneity by time preference categories.

In Appendix Table B.2, I verify that the randomized interventions do not predict attendance in

the pre-intervention period, had no overall treatment effect on attendance in the post-intervention
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period, and had no heterogeneous treatment effects on attendance in the post-intervention period.

2.7 Do Behavioral Measures Predict Human Resource Decisions?

I find that personality traits predict a number of human resource decisions. Dishonest drivers

are more likely to be transferred to other branches or reassigned to other duties, pro-social

drivers are less likely to be on authorized leave, and risk-averse drivers are more likely to be in

attendance, less likely to be disciplined or absent, and more likely to be on authorized leave.

I collate a dataset of human resource decisions for 761 drivers using the 2016 follow-up

survey of 761 drivers, detailed in Section 2.3. I build this dataset from a detailed metric of

attendance which incorporates departures from the driver workforce. Drivers were tracked for

three months each, and are categorized as present for all three months or missing for at least

one of the three months. Drivers who are missing are classified as dismissed or suspended, i.e.

disciplined in some way; absent, indicating unauthorized absenteeism; on temporary authorized

leave due to short term disability, holiday, or leave; permanently departed from KSRTC due

to death or retirement; transferred to other branches of KSRTC; reassigned to other duties in

the same branch, such as being a bus conductor; and attrition, indicating we could not find the

driver or find out why he was missing from the workplace. I combine these into 5 categories:

Present, Disciplined/Absent (dismissed, suspended, or absent), Authorized Leave (disability,

holiday, leave, death, retirement), Transferred/Reassigned, and Attrition.

Table 2.7 evaluates whether there are differences in types of driver attendance/non-attendance

based on behavioral traits. For each behavioral trait, I present the means for the five categories

described above. I also present the differences from pair-wise mean comparison tests (ttests).

Panel A analyzes heterogeneity based on dishonesty and pro-socialness. Panel B analyzes

heterogeneity based on risk aversion and time preferences.
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Table 2.7: Heterogeneity Analysis of Causes of Driver Absence

Means Difference Means Difference

(1) (2) (3) (4) (5) (6)
No Yes Diff No Yes Diff

Panel A: Dishonesty and Pro-socialness:

Dice points>95p Donated >= median

Present 0.826 0.788 0.0377 0.801 0.830 -0.0287
(0.379) (0.410) (0.0364) (0.400) (0.376) (0.0286)

Disciplined/Absent 0.0293 0.0219 0.00737 0.0232 0.0305 -0.00732
(0.169) (0.147) (0.0156) (0.151) (0.172) (0.0122)

Authorized Leave 0.0163 0 0.0163 0.0232 0.00654 0.0166∗∗

(0.127) (0) (0.0108) (0.151) (0.0807) (0.00843)

Transferred/Reassigned 0.0959 0.153 -0.0573∗∗ 0.109 0.105 0.00470
(0.295) (0.362) (0.0291) (0.312) (0.306) (0.0229)

Attrition/Unknown 0.0325 0.0365 -0.00398 0.0430 0.0283 0.0147
(0.178) (0.188) (0.0170) (0.203) (0.166) (0.0135)

Number of drivers 615 137 752 302 459 761

Panel B: Risk Aversion and Time Preferences:

Risk-averse Consistently Patient

Present 0.798 0.849 -0.0514∗ 0.816 0.819 -0.00277
(0.402) (0.358) (0.0285) (0.388) (0.385) (0.0285)

Disciplined/Absent 0.0374 0.0131 0.0242∗∗ 0.0253 0.0297 -0.00443
(0.190) (0.114) (0.0121) (0.157) (0.170) (0.0122)

Authorized Leave 0.00659 0.0230 -0.0164∗ 0.0127 0.0137 -0.00107
(0.0810) (0.150) (0.00842) (0.112) (0.117) (0.00846)

Transferred/Reassigned 0.116 0.0918 0.0247 0.120 0.0961 0.0241
(0.321) (0.289) (0.0228) (0.326) (0.295) (0.0228)

Attrition/Unknown 0.0418 0.0230 0.0188 0.0253 0.0412 -0.0159
(0.200) (0.150) (0.0135) (0.157) (0.199) (0.0135)

Number of Drivers 455 305 760 316 437 753

* p < 0.10, ** p < 0.05, *** p < 0.01. Risk-averse indicates the two highest risk aversion scores. See Table 2.1
notes for remaining variable descriptions. For each variable, the first and second columns report means with
standard deviations in parenthesis, and the third column reports differences from pair-wise mean comparison
tests (ttests) with standard errors in parenthesis. ’Present’ - continued employment about 9 months after the
survey. ’Disciplined/Absent’ - driver is either dismissed, suspended, or absent from work. ’Authorized Leave’
- death, accident-related disability, retirement, or authorized leave/holiday. ’Transferred/Reassigned’ - driver
was transferred to another branch or reassigned to alternate duties. ’Attrition/Unknown’ indicates updated
information is missing.
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Personality traits are related to a number of statistically significant differences in why drivers

are absent from the workplace. Drivers who are dishonest on the dice task are 5.73 percentage

points more likely to be transferred to another branch or reassigned to alternate duties in

the same branch. Among honest drivers, 9.59% are transferred or reassigned, while 15.3%

of the dishonest drivers are, and the difference is statistically significant. Since many of the

reassignments are to conductor duty, and drivers are thus removed from driving duties, it is

possibly a demotion in many cases. However, it is not clear whether conductor duty is preferred

to driver duty. In the case of transfers to other branches, whether this is a type of reward

or punishment will be location-specific. Pro-social drivers are less likely to be on authorized

leave. Among less pro-social drivers, 2.32% are on authorized leave during the follow-up survey,

while 0.65% of the pro-social drivers are, leading to a statistically significant difference of 1.66

percentage points. Risk-averse drivers are 5.14 percentage points more likely to be present in the

workplace. Among less risk-averse drivers, 79.8% are present, while 84.9% of the risk-averse

drivers are present, and this difference is significant at the 10% level. Risk-averse drivers are 2.42

percentage points less likely to be either disciplined or absent, which is statistically significant.

Among less risk-averse drivers, 3.74% are disciplined or absent, compared to 1.3% of the risk-

averse drivers. Risk-averse drivers are also more 1.64 percentage points more likely to be on

authorized leave, significant at the 10% level. Among less risk-averse drivers, 0.66% are on

authorized leave, compared to 2.3% of the risk-averse drivers. I find no relationship between

time preferences and drivers being absent from the workplace.

2.8 Conclusion

Overall, personality traits do not appear to affect job performance among KSRTC bus drivers,

with one exception. I do not find that either a training program intervention or a financial

incentives scheme has heterogeneous treatment effects based on personality traits, nor do I

find that personality traits predict a broad measure of driver attendance. Risk aversion, time

preferences, and dishonesty do not predict fuel efficiency. However, pro-socialness is negatively

correlated with fuel efficiency.

My results suggest this is a consequence of KSRTC’s effective use of recruitment, hiring,
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transfers, and other human resource policies. I find that dishonest drivers are more likely to be

transferred or reassigned, and risk-tolerant drivers are more likely to be dismissed, suspended,

or absent from work, indicating that KSRTC actively uses human resources policies to retain

or reject drivers. This bus driver population is more pro-social and more honest than most

other populations studied in the literature, which is likely to be a result of selection and

retention policies. Among retained drivers, who remain in the driver workforce at the time of

the 2015 survey using experimental measures of behavior, personality traits do not predict job

performance. These are the drivers who have made it through the hiring process, the two year

probation period, and have not been reassigned to non-driver duties, suspended, or otherwise

removed.

Despite being a government bureaucracy with constraints on promotion, salaries, and

dismissals, KSRTC is able to reward or punish employees using alternate tools of suspensions

and transfers. This is congruent with findings from other bureaucracies in India. For instance,

Banerjee et al. (2012) show how police reforms in Rajasthan, India, successfully used transfers to

sought-after postings as an incentive, given that financial incentives were infeasible. Dhaliwal

and Hanna (2017) show that location postings and liberal implicit permission for absenteeism

are used to recruit and retain doctors in Karnataka’s public health system, which struggles to fill

vacancies due to relatively low salaries.

I hypothesize that the high wage premium KSRTC drivers receive leads to a large applicant

pool and allows management to be selective on multiple dimensions during recruitment, se-

lection, and retention. When there are multiple applicants for a post, the organization need not

make tradeoffs between multiple dimensions of candidate quality, as shown by Ashraf, Bandiera,

and Lee (2018). They conduct a field experiment among community health workers in Zambia,

and show that recruitment posters that highlight career advances, rather than community be-

nefits, on average attract applicants with lower pro-socialness and higher talent. Though the

treatment changes the applicant pool, and there is a tradeoff between talent and pro-socialness

on average, candidates are not hired randomly. Rather, the best candidates are hired in both the

treatment and control groups. As a result, the treatment recruits are more talented and equally

pro-social (Ashraf, Bandiera, and Lee 2018).
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KSRTC drivers have a total remuneration ranging from Rs. 30,000-50,000 per month, and

new entrants get Rs. 20,000-25,000 a month. In comparison, the salary range for privately

employed car drivers in Bangalore is Rs. 10,000-20,000. It is common for the public sector to pay

a premium over the private sector, especially in the developing world (Finan, Olken, and Pande

2017). However, the wage premium at KSRTC is particularly stark, especially given that the job

only requires an education up to 10th grade. Other jobs, such as nurses, doctors, or teachers,

may also have a premium, but these jobs have far more stringent educational requirements. With

such a large wage premium, KSRTC should find it easy to fill job vacancies and can be highly

selective on multiple aspects of job performance.
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Chapter 3

Trapping Dust: How Much Would

Pollution Control Cost Indian Industrial

Plants?1

3.1 Introduction

Environmental pollution, air or water, has extraordinary public health costs. Ambient fine

particulate matter - PM2.5 - air pollution is a particular health hazard and is one of the leading

causes of death globally (HEI 2017). India’s particulate matter pollution is one of the worst

among the world’s populous countries, with a population-weighted annual average PM2.5

concentration of 74.3 microgram/m3 in 2015 (HEI 2017; GBD MAPS 2018). With fine particulate

pollution, an increase in concentration of 10 microgram/m3 reduces life expectancy by about

a year on average (Chen et al. 2013, as calculated in Greenstone et al. 2015). This implies

that improving India’s population-weighted PM2.5 concentration to the WHO standard of 10

microgram/m3 (WHO 2006) would increase average life expectancy by 6.4 years.

Thus a rich literature indicates that increasing the stringency of environmental pollution

regulations would have substantial health benefits in highly polluted middle income countries

like India. However, there are few estimates of how much regulation would increase pollution

1. Co-authored with Santosh Harish
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abatement (reduction) costs for polluting sectors, such as industry, transport, and power gene-

ration, and there are few cost-benefit analyses of alternate pollution control policies. Middle

income countries often have limited capacity to bear pollution abatement costs, and it is thus

important to design cost-effective environmental regulation. Cost-effective regulation makes

abatement cheaper for polluters. It can also enable greater overall abatement, as regulators

can set more stringent pollution reduction goals when abatement costs are lower. Theory and

experience from developed countries suggest that market-based instruments, such as cap and

trade or emissions taxes, reduce abatement costs compared to command and control regulations

like performance standards and technology mandates.

In India, the majority of existing particulate matter regulations are command and control

ones, so a shift to market based instruments could significantly reduce abatement costs for the

polluters. On the other hand, there are political, legal, and administrative capacity barriers

to shifting to more cost-effective policies. Reforms are not always feasible, or are difficult to

implement. Moreover, policies that minimize abatement costs may not minimize monitoring and

enforcement costs for the regulator (Malik 1992), which is a particular concern in developing

countries. The status quo monitoring and enforcement environment in India is weak, and

industrial plants routinely violate environmental regulations. In such an environment, the

regulator’s efforts may be better directed to reforms around monitoring and enforcement. To

evaluate if the regulator should devote resources to regulatory reforms, it is thus valuable to

have quantitative estimates of how reforms would change pollution abatement, abatement costs

borne by the polluter, the distribution of costs, and monitoring and enforcement costs borne by

the regulator.

In this paper, we focus on Indian industrial plants, which contribute 7.7% percent of India’s

PM2.5 pollution (GBD MAPS 2018). We use a rich plant-level dataset on particulate matter

emissions, air pollution control devices, and operating practices from 311 industrial plants in the

Surat region of the state of Gujarat. We conduct a descriptive analysis of the status quo pollution

control at these industrial plants. We then empirically estimate particulate matter abatement

costs for these plants using a bottom-up engineering model and detailed plant-level data. We

pair the engineering model with an economic framework in which plants minimize abatement
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costs subject to regulatory constraints. Using the engineering model and economic framework,

we estimate plant-level and aggregate outcomes on costs and abatement under several pollution

control policies. We analyze the costs of compliance to polluters, and the pollution emissions,

under status quo and alternate policies. We also evaluate the relative cost-effectiveness and

distributional impact of alternate policies, and how compliance costs, abatement, and net benefits

change as regulation becomes more stringent. Although it would be tremendously valuable

to also estimate the monitoring and enforcement costs borne by the regulator under alternate

policies, we are not able to do so in this paper.

Under existing regulation, Indian industrial plants have a limit on the concentration of

pollutants that can be emitted from the plant (in mg/Nm3), a policy known as an emissions

concentration standard, as well as a technology mandate. In industrial plants, emissions are

generated as a byproduct of combustion, partially captured through an air pollution control

device system, and then released to the ambient air through a stack (chimney). India sets a limit

on the pollution concentration that can be emitted through the stack. In Surat it is currently set

at 150 mg/Nm3 of total suspended particulate matter, which is a combination of fine particulates

such as PM2.5 and larger particulates. Surat industrial plants also face an technology standard

that requires plants to install air pollution control devices before beginning operations.

First, using descriptive analysis, we find that nearly all plants in our survey have at least two

air pollution control devices per combustion source. Nonetheless, particulate matter emission

concentrations remain high and usually above the regulatory standard. The presence of air

pollution control devices together with high particulate matter emissions implies the technology

mandate is well enforced but the emissions concentration standard is not. We note that despite

weak enforcement, many plants do comply with the emissions concentration standard.

We next use our detailed dataset to build a bottom-up engineering model that combines

survey data and expert engineering estimates on air pollution control technology. We estimate

how much emissions each plant generates, how much emissions the plant currently captures

given its air pollution control devices and operating practices, and how much emissions are

released into the ambient air through the stack. We then make air pollution control technology

and operating practices into optimization variables. For each plant, we estimate what total
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abatement costs and total pollution abatement would be under possible alternate combinations

of air pollution control technology and operating practices. We use these estimates to build an

abatement cost function and an emission function, each with two optimization variables: the air

pollution control technology selected, and how often to operate the air pollution control system.

We pair the engineering model with a simple economic framework in which each plant selects

abatement technologies and operating practices in order to minimize expected abatement costs,

subject to regulatory constraints. This is a static analysis which assumes each plant is compliant,

risk-neutral, and prioritizes cost-minimization. Based on this framework, we use the abatement

cost and emissions functions to set up constrained optimization cost minimization problems

for each plant stack under four potential pollution control policies. We evaluate the existing

emissions concentration standard, an alternative quantity based performance standard called

an emissions load standard, a cap and trade program, and an emissions tax. We also consider

several potential regulation stringencies, from 200 mg/Nm3 (a loosening of existing standards)

to 50 mg/Nm3. Assuming each firm cost-minimizes subject to constraints, we estimate outcomes

under the different constraints and incentives posed by different pollution control policies.

Using the framework, we first estimate the changes in abatement costs and pollution reduction

if the status quo emissions concentration standard of 150 mg/Nm3 was rigorously enforced

and all plants were in compliance. Fully enforcing the current regulation would lead to a 66%

reduction in average annual emissions, at a average abatement cost of Rs. 36,150 per year ($556),

though there is significant variation in costs across plants. Abatement costs are very modest,

as our industries report an average annual turnover of Rs. 502,000,000 ($7.72 million) and an

average annual electricity bill of Rs. 28,000,000 ($430,000). Since the technology mandate is well

enforced, plants already have the technology required to reduce pollution. Thus the costs of

complying with existing regulations are modest, with relatively little capital costs and installation

of new equipment. Instead, plants upgrade their existing technology and improve operations

and maintenance.

Next, we compare the status quo to alternate policies and alternate regulation stringencies.

For any fixed quantity of pollution reduction, both market based instruments - a cap and

trade program and an emissions tax - reduce abatement costs substantially, while the alternate
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command and control regulation we evaluate, the emissions load standard, increases abatement

costs relative to an emissions concentration standard. Aggregate emissions are significantly

less than baseline emissions under every scenario we evaluate. Strictly enforced emissions

concentration standards lead to significant over-control. For all scenarios we evaluate, plants are

more likely to retrofit existing equipment than purchase new equipment. This again highlights

that all industries already have pollution control equipment installed, which are being poorly

maintained and operated at baseline.

We also look at relative cost-effectiveness, that is, the costs of different policies for a fixed

quantity of emissions reduction, and also analyze the factors that lead to cost differences between

policies. Strictly enforcing the 150 mg/Nm3 emissions concentration standard would have an

average annual abatement cost of Rs. 1.31 per kilogram of particulates abated, for a total 66%

reduction in baseline emissions. For the same 66% reduction, switching to either market based

instrument would lead to a 39% reduction in abatement costs, while switching to an emissions

load standard would increase costs by 21%. We present cost comparisons for several different

levels of emissions reduction in Section 3.6.2. Under an emissions concentration standard, average

annual abatement costs per kilogram rise from Rs. 1.31 for a 66% reduction in baseline emissions,

to Rs. 1.80 to achieve a 84% reduction in emissions. For market based instruments, average costs

rise from Rs. 0.80 for a 66% reduction to Rs. 1.31 for a 84% reduction. We demonstrate what

factors drive these cost differences by providing a case study of a representative industrial plant.

We then look at the distributive impact of regulatory reform. Each of the three alternate

policies, an emissions load standard, cap and trade, or an emissions tax, is based on emissions

quantity rather than emissions concentrations. As a result, reform consistently disadvantages

plants that are compliant at baseline, since these plants are already optimized for the existing

emissions concentration standard, and often incur some costs from a change to a quantity based

policy. Other distributive impacts vary based on the details of policy reform.

We turn to the cost-benefit analysis for different regulation stringencies. In every scenario

we analyze, the health benefits of abatement substantially exceed abatement costs, and the

emissions tax is cheaper than an emissions concentration standard. We estimate the benefits

of improved life expectancy from particulate matter abatement in Surat, and compare these to
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our estimated costs. Our central estimates, holding total baseline emissions reduction fixed at

66%, are that the net benefits under a concentration standard are Rs. 580-583 billion, and the net

benefits under an emissions tax are Rs. 584-586 billion. We also present net benefit estimates for

different levels of emissions reduction. As expected, abatement costs increase significantly as

the regulation stringency increases, however, the total monetized benefits increase even more.

Thus, for the range we consider, net benefits increase with increased stringency. While we cannot

identify the optimum stringency, we find it should be equivalent to at least an 84% reduction in

baseline emissions. We present benefit to cost ratios as well. Our estimates for the emissions

concentration standard are within the ratios for the original Clean Air Act, which also relied

heavily on command and control regulation.

Given the relatively low abatement costs, it is apparent that the key barriers to particulate

matter abatement in Indian industrial plants are not the abatement cost to the polluter, but rather

the regulator’s constraints regarding bureaucratic capacity, monitoring, and enforcement. We

discuss ongoing reforms to monitoring and potential reforms to enforcement. We conclude that

since any reforms to enforcement will involve new legislation and a political process, a shift to a

market based instrument should be done simultaneously as part of the reform process.

This paper contributes new, detailed empirical estimates of particulate matter abatement costs

in small and medium industrial plants using granular plant level data. To our knowledge, this is

the first estimate of particulate matter abatement costs for the small and medium enterprises

that form the bulk of India’s industrial sector. While a rich literature demonstrates large health

benefits to reducing particulate matter pollution in India (HEI 2017; GBD MAPS 2018; Bank 2013;

S. K. Guttikunda and Puja Jawahar 2014), and numerous papers and reports evaluate the success

of India’s environmental policies and environmental reforms (Duflo et al. 2013, 2014; Greenstone

and Hanna 2014; MoEFCC 2014), there are relatively few estimates of abatement costs. Much of

the existing literature focuses on abatement costs at thermal power plants, or on macroeconomic

sector-level costs (Cropper et al. 2017; Gupta 2002).

We highlight several new contributions to the existing literature. First, we demonstrate that

although most industrial plants are not compliant with the existing emissions concentration

standards, they do indeed have the necessary pollution control technologies installed, due to
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successful implementation of an informal technology mandate. However, these pollution control

devices are improperly maintained and operated, and thus perform very poorly. Second, we

show that if the current regulations were strictly enforced, abatement costs would be modest for

most plants, in part because they only need to improve existing pollution control equipment.

Third, we show that there is substantial heterogeneity in plant-level emissions and abatement

costs, even though the industrial plants in our sample are very homogeneous. Due to this

heterogeneity of abatement costs, switching from the existing command and control regulation

to market based instruments reduces costs substantially, by 39% in our main estimate. Due

to technology characteristics, the existing emissions concentration standard outperforms the

alternate command and control regulation of an emissions load standard. Fourth, we analyze

distributional effects, and show that while plants that are compliant at baseline face the least

absolute increase in costs, they are relatively disadvantaged by a shift to a quantity based policy

since they are already optimized for a concentration policy. Thus, the distributional consequences

of a policy change fall primarily on plants that are compliant at baseline. Finally, we present net

benefit estimates for a variety of policy scenarios.

This dissertation chapter is structured as follows. Section 3.2 provides background on

industrial particulate matter pollution in India, how industrial plants generate emissions, what

the status quo pollution control policy is, possible alternatives, the history of environmental

regulation in India, and the current status of monitoring and enforcement. Section 3.3 provides

details on the data, including industrial plant survey data and expert inputs on pollution control

technology. Section 3.4 describes descriptive results about the industrial plants. Section 3.5

describes the features of the engineering model, the main functions and cost minimization

problems used in the model, and how the data is used. Section 3.6 presents results on the costs

of enforcing status quo regulations, outcomes under alternate policies, the factors driving cost

differences among alternate policies, and the distributive impact of alternate policies. Section 3.7

provides a cost-benefit analysis for pollution abatement in our setting. Section 3.8 contains a

discussion and conclusion.
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3.2 Background

3.2.1 Industrial Particulate Matter Pollution in India, Emitted From Stacks

Industrial emissions contribute 7.7% percent of India’s fine particulate matter pollution (GBD

MAPS 2018). Emissions are generated in industrial plants, partially captured by air pollution

control systems, and then released to the atmosphere through a stack.

Much of India’s fine particulate matter pollution comes from the industrial sector. At a

national level, the Global Burden of Disease Maps Project estimates that industrial sector coal

burning causes 7.7% of ambient PM2.5 pollution in India, and is one of the major sources of PM

pollution alongside residential biomass burning, coal use in power plants, anthropogenic dust,

and other sources (GBD MAPS 2018). The industrial sector’s contribution to particulate pollution

varies by region. Industrial emissions contribute to both primary particulate matter, which is

directly emitted, and to secondary particulates, which are produced by chemical reaction in the

atmosphere from precursor pollutants such as oxides of nitrogen and sulphur.

Industrial emissions are a byproduct of combustion. Plants burn fuel, such as coal, in

combustion sources, such as boilers, to generate energy. The heat generated is used to convert

water to steam, which is then transported across the plant to power various processes and

equipment. Meanwhile, combustion generates pollutant byproducts including carbon dioxide,

oxides of sulphur, carbon monoxide, and particulate matter (soot), which leave the boiler as a

cocktail called ‘flue gas’. The flue gas is passed through a series of air pollution control devices

(APCDs) that together form an APCD system. Air pollution control equipment can reduce

particulate matter emissions, though not necessarily gaseous pollutants such as carbon dioxide.

Common APCDs include cyclones, scrubbers, bag filters and electrostatic precipitators, which

use different methods to remove the particulates from the flue gas. The resulting cleaner flue gas

passes through the stack outlet to the ambient air. Industrial plants can have two or more parallel

chains attached to each stack, where a parallel chain consists of a combustion source followed by

air pollution control devices (APCDs). The final emissions from the stack is a function of several

factors, including the amount of fuel burned, the efficiency of the combustion equipment, and

the efficiency of the APCD system.
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3.2.2 Status Quo and Alternate Pollution Control Policies

Pollution control policies primarily consist of two categories: command-and-control policies,

such as performance standards and technology mandates, and market based instruments, which

include cap and trade and emission taxes. Market based instruments are expected to minimize

abatement costs. In Surat, the status quo pollution control policy is a emissions concentration-

based performance standard. The emissions concentration standard mandates that polluted air

exiting the industrial plant’s stack must have a total suspended particulate matter concentration

less than 150 mg/Nm3. Surat industrial plants also face a informal technology standard that

mandates air pollution control devices (APCDs) be installed at the plants.

Status Quo and Command and Control Regulations

For industrial emissions, the State Pollution Control Boards in India (SPCBs) set a permissible

limit on the concentration of pollutants that can be emitted from the stacks (i.e. the chimneys)

of each industrial plant. In Surat, for plants for the size we study, the emissions concentration

standard for total suspended particulate matter (SPM) is 150 mg/Nm3. Surat industrial plants

also face a informal technology standard that mandates Air Pollution Control Devices (APCDs)

be installed at the plants, without which the Gujarat State Pollution Control Board does not give

the industrial plant ‘consent’ to start operations.

An alternate performance standard could set limits on the pollutant load from a plant over a

period of time - we refer to such a quantity-based policy as an emissions load standard. The

existing pollution norms are in terms of concentrations: the mass of pollutants in a unit volume

of air leaving a stack. As a result, industries are regulated based on their instantaneous emissions

and not their pollutant load over the course of a stipulated duration. This is worth noting because

industrial emissions can vary substantially over the course of the day and year depending on

industrial operations and whether and the extent to which the installed air pollution control

equipment are run.
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Market Based Instruments

The choice of policy instrument, such as command-and-control regulations (CACs) or market

based instruments (MBIs) affects several outcomes, including the level of pollution and industry

profits and productivity (Helfand 1991). Theory suggests that shifting from CACs to MBIs can

significantly reduce abatement costs. However, as performance and technology standards often

lead to “over control” beyond the standards, CACs may have greater benefits than MBIs, so the

net benefits must be compared (Oates, Portney, and McGartland 1989).

The primary motivation for market-based instruments is that they minimize the abatement

costs of attaining any given level of emissions. Appropriately designed market-based instruments

are expected to minimize overall abatement costs by equalizing the marginal cost of abatement

from each plant (Stavins 2003). Market-based instruments are likely to have greater benefits

compared to command-and-control regulations as the heterogeneity of abatement costs between

polluters grows larger and as the degree of mixing of the pollutant increases (Stavins 2003) 2. The

relative advantages of quantity-based instruments (like emissions trading) versus price-based

instruments (like taxes) depend on the polluter’s cost and benefit functions and the degree of

uncertainty about each (Weitzman 1974; Stavins 2003), and on the relative responsiveness to

change of each instrument (Stavins 2003).

Empirical evidence supports the theoretical expectation that market based instruments

reduce costs. In evaluating the US SOx markets of 1995 (expanded in 2000), Carlson et al. (2000)

estimate savings of 45-55% compared to a uniform standard regulating emissions rates. Burtraw

et al. (1998) and Muller and Mendelsohn (2009) estimate that the improvements in public health

and reduced acidification from these markets outweigh the costs by an order of magnitude.

Fowlie, Holland, and Mansur (2012) find that emissions from firms under the RECLAIM NOx

market were on average 24 percent lower than those regulated under nearby firms subject to

command and control.

An additional advantage of economic instruments such as trading is that polluters have

dynamic incentives to continue abating their emissions and innovate cleaner equipment and

2. Externalities are spatially differentiated and in theory every emitting source might impose different social costs
from pollution (Muller and Mendelsohn 2009).
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processes (Jaffe and Stavins 1995). Absolute emission norms, like emissions concentration

standards in India, do not provide any incentive for industrial plants to reduce emissions beyond

the minimum they are required to, even if the marginal costs of additional abatement are

negligibly small in comparison with the externalities they impose.

However, policies that minimize abatement costs may not minimize enforcement costs for

the regulator (Malik 1992). Monitoring and enforcement costs could be lower for market based

instruments (MBIs) if participants in a trading scheme are incentivized to report their emissions

(Stavins 2003). On the other hand, monitoring and enforcement costs may be higher for MBIs,

particularly in developing countries (Blackman and Harrington 2000). In developing countries in

general, institutional readiness is a potential barrier for trading to be as efficient and cost-effective

as it could be in theory. Coria and Sterner (2008) review the lessons from the trading program in

Santiago launched in 1997 (the first application of emissions trading outside the OECD countries)

and conclude that Chile’s experience demonstrates that a middle income country is capable

of implementing a trading scheme, but caution that “the challenges of designing successful

environmental programs in less developed countries should not be underestimated”.

3.2.3 History of Successes and Failures in Indian Environmental Regulation

Most pollution control policies in India are command-and-control (CAC) regulations, which have

often had success at controlling pollution generated, compared to a counterfactual in which these

policies were not enacted. There have been nascent efforts at market based instruments as well.

However, the absolute quantity of pollution generated from power plants, industry, transport,

and other sectors has grown so fast that pollution control policies have been inadequate, leading

to ever worsening air quality in India.

Environmental regulation in India remains reliant on command and control policies: emissi-

ons standards, technology mandates, and bans on operations and processes, which have often

been successful. These regulations date back to Air and Water Acts from the 1970s, which

themselves were based on the original Clean Air Act in the US. Past successes include the

mandated installation of catalytic converters, an end-of-pipe technology to reduce emissions

from vehicular exhaust. Greenstone and Hanna (2014) estimate that the catalytic converter
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policy resulted in declines of 19 percent, 69 percent, and 17 percent of the 1987–1990 nationwide

mean concentrations, for PM, SO2 and NO2 respectively. Narain and Krupnick (2007) find

significant decreases in both fine particulate emissions and sulphates after a court mandated

that all public transportation in New Delhi use compressed natural gas (CNG) and stop using

diesel fuel. Another successful technology mandate was through Supreme Court Action Plans,

which required pollution control equipment in industrial plants (Harrison et al. 2015).

India has rarely used markets as a means of environmental regulation, with the Renewable

Energy Certificates and the Bureau of Energy Efficiency’s Perform, Achieve and Trade scheme

being notable exceptions. These schemes were introduced by India’s Ministry of Power, and

there exist no similar examples in the sphere of environmental regulation. India does have a tax

on coal that was raised to INR 400 per tonne in the 2016-17 budget.

3.3 Data

Our paper uses two main data sources. First, we use expert inputs on air pollution control

technologies, their costs, and their pollution control efficiency. Second, we use a unique plant-

level survey on emission sources, emission levels, and air pollution control equipment, conducted

among 311 industrial plants in Surat, Gujarat.

3.3.1 Engineering Inputs on Air Pollution Control Technologies

First, we use expert inputs on air pollution control technologies from environmental consultants

at a national industrial federation - the Federation of Indian Chambers of Commerce and Industry

(FICCI). FICCI was consulted to prepare detailed energy and air pollution control audits for

eight sample industrial plants in Surat. FICCI also helped develop a detailed methodology to

conduct an automated, scaled up audit analysis for all surveyed plants. This audit analysis

method is used in our engineering model. We also use information provided by FICCI on Air

Pollution Control Device (APCD) maximum collection efficiencies, typical lifetimes, and capital,

operations, and maintenance costs for different emission source capacities. Appendix Section

C.2 contains details on all the inputs provided by FICCI that are used in the model.
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FICCI primarily provided data on three types of APCDs commonly used in Surat: cyclones,

bag filters, and scrubbers. Cyclones are the least expensive and least effective of the APCDs.

Cyclones force the flue gas to flow in an upward spiral (that is, in a cyclonic motion), and a

fraction of the suspended particles settle down due to the centrifugal force. While cyclones

have an efficiency of 80% overall, they are highly efficient in removing relatively larger particles,

and are placed as the first APCD in an APCD chain. In most industries in Surat, a cyclone is

followed by a second, more efficient APCD. The most common second APCD is a bag filter,

which is much more expensive than a cyclone. As the name suggests, the flue gas is made to

pass through a series of porous bags, which filter out the particles. Bag filters are very efficient

and if designed and maintained properly, can remove 99% of the particles from the flue gas. An

APCD system consisting of a cyclone plus bag filter has a maximum theoretical efficiency of

99.8%; put another way, if this system were to be maintained well the industrial plant would be

comfortably within regulatory norms. The other APCD commonly used in Surat is a scrubber,

where a water spray is used to scrub the particles out of the flue gas. The maximum efficiency of

a scrubber is 94%, somewhat less than a bag filter. An APCD system consisting of a cyclone plus

scrubber has a maximum theoretical efficiency of 98.8%. Scrubbers are cheaper than bag filters

but more expensive than cyclones.

3.3.2 Survey of Industrial Plants in Surat, Gujarat

Second, we use data from a survey commissioned by the Central Pollution Control Board (CPCB)

on a sample of 311 industrial plants in the Surat industrial cluster3. The CPCB survey collected

data on each parallel chain attached to the stack, including the size and operating conditions of

the emissions source and air pollution control equipment. The survey included data on various

operating conditions at the plant, such as annual working hours. Most importantly, the CPCB

survey also included manual sampling of the stacks in order to measure pollution levels and

flow rates under normal operating conditions.

This survey was done in Surat, a large industrial city in the state of Gujarat in western India,

3. The survey was implemented for over 350 plants, but we use the information for the 311 plants that had
sufficient data for our model.
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with a population of 4.5 million. Surat is an important port city, and serves as a major hub for

small and medium enterprises that process and export diamonds, and process textiles. Surat

now has a large number of information technology (IT) firms. Most of the industrial units in

the area are small and medium sized enterprises that process textiles: typically, processing and

dyeing cotton cloth. Some of the larger industries manufacture the dyes themselves. These

enterprises are largely homogeneous in nature, and are situated in five dense industrial clusters

scattered within and around the city.

3.4 Descriptive Analysis of Indian Industrial Plants in Surat

We present descriptive results on our sample of industrial plants in Surat. We show that most

stacks have multiple combustion sources, and nearly all stacks have at least two air pollution

control devices (APCDs) per combustion source. Nonetheless, particulate matter emission

concentrations remain high and usually above the regulatory standard, though there are also

cases where plants exceed the standards. The presence of air pollution control devices together

with high particulate matter emissions implies the technology mandate is well enforced but the

concentration standard is not.

First, most industrial plant stacks in Surat have multiple combustion sources and ‘parallel

chains’. Table 3.1 presents the common configurations of combustion sources and APCDS, and

shows that 77.8% of the surveyed industries have multiple combustion sources. Combustion

sources are combined with APCDs into ‘parallel chains’, that is, an emissions source followed by

a system of APCDs.

Second, every industrial plant in our sample already has air pollution control devices

installed. As seen in Table 3.1, 96.5% stacks have two or more APCDs per combustion source.

Every industrial plant in our sample has at least one APCD installed at baseline.
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Table 3.1: Configurations of Combustion Source and Air Pollution Control Devices

Combustion

and APCD Configuration

-

Percentage of

Plants

-

Observed

Efficiency

-

Maximum

Theoretical

Efficiency

Single combustion source +

cyclone + bag filter
7.70% 93.30% 99.80%

Single combustion source +

cyclone + scrubber
7.40% 86.90% 98.80%

Single combustion source +

other APCD configurations
7.10% - -

Two combustion sources + two

cyclones + two bag filters
17.00% 89.30% 99.80%

Two combustion sources + two

cyclones + two scrubbers
16.40% 86.00% 98.80%

Two combustion sources + two

cyclones + two bag filters

+ two scrubbers

7.40% 91.90% 99.99%

Two combustion sources +

other APCD configurations
37.00% - -

Third, despite the presence of air pollution control devices, rates of non compliance with

pollution regulations are high across plants. Most plants do not meet the regulatory concentration

standard of 150 mg/Nm3. Figure 3.1 shows the distribution of particulate matter concentration

across plants. Only 26% of plants meet the standard. The median plant has a PM concentration

of 232 mg/Nm3, and the mean PM concentration across all plants is 346 mg/Nm3. Thus,

monitoring and enforcement is weak - a result also found by other studies, such as Duflo

et al. (2013).
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Figure 3.1: Distribution of PM Concentration Among Surat Industrial Plants

Fourth, since emissions exceed standards despite the presence of APCDs, this implies that

the technology mandate is effectively enforced but the emissions concentration standard is not

enforced, and also implies that the efficiency of the existing APCDs must be significantly less

than the theoretical maximum efficiencies. If these installed APCDs were operating optimally,

the plants would be able to meet standards. Table 3.1 presents the estimated actual efficiencies

for the common APCD configurations along with the maximum theoretical efficiencies. As

expected, the average actual APCD efficiency at baseline is significantly less than the theoretical

maximum.

99



Standard

0
50

0
1,

00
0

1,
50

0
2,

00
0

SP
M

 c
on

ce
nt

ra
tio

n 
(m

g/
N

M
3)

Single Combustion Source Multiple Combustion Sources

Distribution of SPM concentration for Common APCD Configurations

Cyclone + Bag Filter Cyclone + Scrubber
Cyclone + Bag Filter + Scrubber

Figure 3.2: PM Concentrations For Common Configurations of Air Pollution Control Devices

The poor performance of the existing APCDs can also be seen by looking at the variation

in PM emissions concentrations among plants with the same APCD configurations. Figure 3.2

plots the PM concentration distribution for the five most common configurations of combustion

sources and APCDs. Each of these configurations include at least 2 APCDs per combution

source. Yet, even within a particular APCD configuration, there is a wide dispersion in the

emissions from the stack, and the bulk of the stacks are well above the concentration standard of

150 mg/Nm3.

Fifth and finally, there are some industrial plants who comply or overcomply despite the

weak enforcement. Indeed, among the complying plants, most overcomply and exceed the

concentration standard. This is an artifact of the technology options. For a particular set of air

pollution control devices (APCDs), which are designed to have a specific concentration, it is

not easy to adjust the concentration to achieve the standard exactly. A concentration standard
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need not inherently lead to overcompliance, but it does do so in this setting due to technology

characteristics.

3.5 Engineering Model and Economic Framework on Particulate Mat-

ter Abatement in Indian Industrial Plants

3.5.1 Features of the Engineering Model based on Descriptive Results

We design a plant level engineering model on particulate matter abatement, with features and

assumptions that incorporate the insights from the descriptive results, the baseline survey, and

the expert engineering estimates on pollution control technology. In our model, the plant can

optimize over two variables: the air pollution control technology selected, and how often to

operate the pollution control system. We estimate particulate matter abatement and abatement

costs for every combination of these two variables.

Insights from the Descriptive Results and Engineering Estimates

Our plant-level marginal abatement cost function incorporates the following insights from the

descriptive results, qualitative research, and expert inputs.

Using our descriptive analysis, detailed in Section 3.4 , we note four relevant insights. First,

in a single stack, plants can attach multiple chains of combustion sources followed by Air

Pollution Control Devices (APCDs). These ‘parallel chains’ are common. Second, all plants

have existing APCDs due to informal technology mandates, though these are degraded due

to poor maintenance. Thus, to reduce emissions, a plant can invest in new APCDs or can

simply retrofit and upgrade existing ones. Third, if an APCD is not maintained appropriately,

it quickly deteriorates in efficiency. It is apparent from the baseline survey that many plants

have subobtimal, low-efficiency APCDs that operate at much less than their theoretical efficiency.

Fourth, many plants overcomply with concentration standards. Air pollution control devices

(APCDs) are designed to have specific particulate matter (PM) outlet concentrations. Once a set

of APCDs is selected, it is not easy for a plant to adjust the outlet concentration. Scrubbers, bag

filters, cyclones, and other technologies vary in designed outlet concentration.
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We note a fifth relevant insight based on our qualitative research and interviews with experts.

Plants can ‘bypass’ the entire APCD system by allowing polluted air to be released directly into

the atmosphere, without passing it through pollution control systems. Experts indicate this

practice is common. Thus, though the survey data includes information on PM concentrations

when APCD systems are operating, it is possible that APCD systems are bypassed at other times.

Features and Limitations of the Model

Model Feature 1 - Selecting a Technology:

For each stack k the plant can choose technology t out of Tk choices (t = 1, 2, 3, . . . , Tk, t = 0

at baseline).

The plant can invest in new air pollution control devices (APCDs) or can retrofit and upgrade

existing APCDs. Each distinct and technologically feasible combination of APCD equipment

and quality is treated as a unique technology choice t. Plants can select abatement technologies

that are a combination of new APCDs and retrofits. Thus, if the plant choses to install a new bag

filter, that is one potential technology. If the plant chooses to upgrade the existing cyclone and

add a scrubber, that combination of abatement actions is a separate technology. Each technology

t, i.e. each discrete combination of abatement actions, yields a specific PM outlet concentration.

The Tk choices for stack k depend on the existing stack configuration, provided by the

baseline data. The model incorporates one or two parallel chains, and does not incorporate

three or more parallel chains. Each parallel chain can have up to two cyclones, one bag filter,

one scrubber, and one electrostatic precipitator. Given baseline data on the existing parallel

chain configuration and their efficiencies, the model calculates every combination of installing

new APCDs or retrofitting existing APCDs, to form the set of potential technologies Tk. This is

described in more detail in Appendix Section C.2.

Model Feature 2 - Choosing whether to Operate the APCD system:

For each stack k the plant can choose Frk, the fraction of time the APCD system operates

(Frkε[0, 1]). Since the APCD system can be bypassed, plants can choose whether or not to operate

the APCD system. The APCD system is bypassed for (1− Frk) fraction of the time.
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Model Feature 3 - An Operating APCD system must be Fully Maintained:

In our model, if a plant chooses to operate an APCD system, the plant must pay the full costs

of maintenance each year, in order to ensure the APCD system retains its intended efficiency.

From the baseline survey and qualitative research, it is clear that an unmaintained APCD system

rapidly deteriorates.

Limitations of the Model:

The engineering model solely considers the costs and abatement of using pollution control

equipment to capture emissions generated by a combustion source, and thus reduce emissions

released from the stack outlet. It does not consider ways to reduce the emissions generated

from the combustion source, such as by reducing production, increasing the efficiency of the

combustion source, or changing the fuel used by the combustion source. Additionally, we do not

include potential installations or retrofits of electrostatic precipitators (ESPs), which are rarely

used in our Surat setting.

3.5.2 Model Functions to Estimate Marginal Abatement Costs and Emissions

Based on the above key model features, we design stack-level marginal abatement cost functions

and stack-level particulate matter emissions functions.

Marginal Abatement Cost Function:

For each stack k, the firm selects a technology t and chooses Frk, the fraction of time the APCD

system operates, to minimize expected annual costs Ck(t, Frk).

Ck(t, Frk) = CCk(t) + MCk(t, Frk) + OCk(t, Frk)

Where CCk(t) is the expected annualized capital costs of technology option t for stack k,

MCk(t, Frk) is the expected annual maintenance costs of technology t at Frk for stack k, and

OCk(t, Frk) is the expected annual operations costs of technology t at Frk for stack k.
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Capital costs CCk(t) depend only on the technology selected.

Maintenance costs MCk(t, Frk) depend on the technology selected and also depend on

whether the APCD system is operated. As described above, in the model, if the firm operates an

APCD system at all, it must maintain it in full. We also assume that if the APCD system is not

used, the firm does not choose to maintain it. Thus,

MCk(t, Frk) = 1(Frk = 0) ∗ 0 + 1(Frk > 0) ∗ APCDAnnualMaintenanceCostk(t)

where APCDAnnualMaintenanceCostk(t) is the annual maintenance costs for the APCD system

of stack k given technology t.

Operations costs OCk(t, Frk) depend on the technology selected and whether the APCD

system is operated. Operations costs increase linearly with the hours the APCD system is

operated.

OCk(t, Frk) = Workinghoursk ∗ Frk ∗ APCDHourlyOperatingCostsk(t)

Stack Emissions Functions:

The stack emissions can be measured in two main ways - as the stack outlet particulate matter

concentration at a given moment in time, or as the total annual emissions per year.

Stack Annual Emissions:

AnnualEmissionsk(t, Frk) is the annual emissions released from the smoke stack each year,

in kg/year, for stack k, and is a function of the APCD technology t selected and the fraction of

time Frk that the APCD system is operated, as follows:

AnnualEmissionsk(t, Frk)

= Workinghoursk ∗ [Frk ∗ HourlyEmissionsControlledk(t)

+ (1− Frk) ∗ HourlyEmissionsGeneratedk]

Where HourlyEmissionsGeneratedk is the hourly emissions generated from the smoke stack, in
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kg/hour, which is the sum of hourly emissions generated from up to two parallel chains,

HourlyEmissionsGeneratedk

= HourlyEmissionsGeneratedkChain1 + HourlyEmissionsGeneratedkChain2

And HourlyEmissionsControlledk(t) is the hourly emissions released from the smoke stack, in

kg/hour, when the APCD system is operating. This is a function of the hourly emissions

generated, and the efficiency of the APCD system given technology t. Thus,

HourlyEmissionsControlledk(t)

= HourlyEmissionsGeneratedkChain1 ∗ (1− APCDe f f iciencykChain1(t))

+ HourlyEmissionsGeneratedkChain2 ∗ (1− APCDe f f iciencykChain2(t))

Where APCDe f f iciencykChaini(t) is the net efficiency of the APCD system for chain i in stack k

with technology t. Finally, the annual emissions is proportionate to the total working hours for

stack k.

Stack Outlet Concentration:

EmissionsConcentrationk(t) is the outlet particulate matter emissions concentration for a

given technology t for stack k when the APCD system is operating, in units of mg/Nm3. This

is fixed given technology type t, and is a function of stack and technology characteristics as

follows:

EmissionsConcentrationk(t) =
HourlyEmissionsControlledk(t) ∗ 106

HourlyFlowRatek

where HourlyFlowRatek is the hourly flow rate of air from the stack in units on Nm3/hour, as

measured in the baseline survey.

3.5.3 Using the Data to Generate Empirical Inputs for the Model

We use the two data sources, the inputs from FICCI and the industrial plant survey, to generate

empirical inputs for the engineering model. The model estimates the costs of pollution reduction,

where abatement could be in the form of installation of new pollution control equipment,

increasing efficiency of existing equipment through retrofits, and varying the number of operating
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hours of the pollution control equipment. The model uses empirical inputs on several industrial

parameters. Many parameters are directly taken from the CPCB survey, such as the parallel

chain configuration, emission levels, flue gas rates and annual working hours. Other parameters

are estimated using the survey data and the engineering estimates from expert environmental

consultants at FICCI. We briefly describe how these parameters are estimated below, and then

provide a detailed description in Appendix Section C.2.

We empirically determine the efficiencies of the current pollution control equipment using

the stack emissions concentration data from the CPCB survey, and the theoretical maximum

efficiencies of each air pollution control equipment type. For every industrial plant, we measure

the parallel chain configuration, which is the number of parallel chains and the specific devices in

the chain. Industrial plants with the same parallel chain configurations are pooled together, and

the plant with the lowest emissions is assumed to have the maximum theoretical APCD system

efficiency. We calculate the inlet emissions for this plant based on the APCD system efficiency and

the stack outlet emissions (Using the formula InletEmissions× (1− APCDSystemE f f iciency) =

OutletEmissions). We assume this is the inlet emissions for every plant with this parallel chain

configuration, and use this to estimate the APCD system efficiencies for every other plant with

this parallel chain configuration. The efficiency of each individual air pollution control device

in the system is then computed by assuming that all the components of the chain have equal

efficiencies. Appendix Section C.2 describes the estimation of efficiencies in more detail.

We combine the FICCI cost inputs with the empirically determined efficiencies to estimate

the abatement costs of installing, retrofitting, or operating air pollution control equipment. For

new equipment, the capital costs of installing new pollution control devices are estimated based

on the emissions source capacity and the expert inputs on market prices of pollution control

technology. The annual operations and maintenance costs of the equipment are taken as fixed

fractions (3% and 6%, respectively) of the upfront capital costs. Capital costs of retrofitting

equipment are computed in a similar manner as for the new equipment. However, instead of

the full capital costs, retrofit cost is estimated as a function of the relative increase in efficiency

from actual to maximum possible. Increase in operations and maintenance cost are estimated

as 3% and 6% respectively for the retrofit costs. Capital costs for all equipment upgrades are
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annualized based on the lifetime of the equipment. We present details in Appendix Section C.2.

3.5.4 Plant Level Abatement Cost Minimization Problems under Different Pollu-

tion Control Regulations

We next pair the engineering model with an economic framework in which each plant mini-

mizes costs subject to regulatory constraints. Using the stack level marginal abatement cost

and emission functions from the engineering model, we set up constrained optimization cost

minimization problems for each stack k under four potential pollution control policies: an

emissions concentration standard, an emissions load standard, a cap and trade program, and an

emissions tax. We also consider several potential regulation stringencies, from 200 mg/Nm3 (a

loosening of existing standards) up to 50 mg/Nm3. Appendix Section C.3 describes the solutions

to these constrained optimization problems in detail, which are solved empirically using the

survey data inputs.

Each potential regulation stringency is expressed as an emissions concentration standard. To

convert the emissions concentration standards to quantity caps for the emissions load standard,

cap and trade, and emission tax policies, we use the following formula:

EmissionsCap =
ConcentrationStandardStringency

MeanBaselineLoadWeightedConcentration
× BaselineEmissionsLoad

Emissions Concentration Standard:

Under an emissions concentration standard regime, each stack k is required to have an emissions

concentration EmissionConcentrationk(t) at the stack outlet that is less than the emissions con-

centration standard ConcentrationStandard, at every moment of time. Thus, the APCD system

must always be operational, as it is otherwise technologically impossible to meet the standard at

every moment. Each firm’s stack-level constrained optimization problem is:

Minimizet,Frk Ck(t, Frk)

subject to

1. EmissionConcentrationk(t) <= ConcentrationStandard

2. Frk = 1
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Emissions Load Standard:

Under an emissions load standard regime, each stack k is allocated a quantity of emissions

permits

EmissionsPermitsk for the year, in kg/year. We allocate permits as per each stack’s combustion

source capacity. Emissions are not allowed to exceed the allocated amount. Each firm’s stack-level

constrained optimization problem is:

Minimizet,Frk Ck(t, Frk)

subject to

1. AnnualEmissionsk(t, Frk) <= EmissionsPermitsk

Cap and Trade:

Under cap and trade, each stack k is allocated emissions permits EmissionsPermitsk for the year,

in kg/year. Permit allocation is based on each stack’s combustion source capacity. Stacks can

buy and sell permits at the permit price Pr, and must ultimately hold permits equal to emissions.

Each firm’s stack-level constrained optimization problem is:

Minimizet,Frk Ck(t, Frk) + Pr ∗ [AnnualEmissionsk(t, Frk)− EmissionsPermitsk]

For each stack k, [AnnualEmissionsk(t, Frk)− EmissionsPermitsk] is the number of permits

purchased, that is, it is the quantity of emissions produced less the initial permit allocation.

Emissions Tax:

Under an emissions tax, every stack k pays price Tax for every unit of emissions released. We

model a policy where there are no free allowances and every unit emitted is taxed. We set the

tax at the level at which the aggregate emissions cap is expected to be achieved, so that the

emissions tax has the same total emissions as the load standard and cap and trade policies. Each

firm’s stack-level constrained optimization problem is:

Minimizet,Frk Ck(t, Frk) + Tax ∗ AnnualEmissionsk(t, Frk)
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3.6 Empirical Estimates of Abatement Costs

3.6.1 Costs and Emissions Reductions of Complying with Existing Policies

If the current regulation was strictly enforced and all plants were in compliance, we estimate

a 66% reduction in average annual emissions, at a modest average cost of Rs. 36,150 per year,

though there is significant heterogeneity in costs.

Table 3.2 compares the outcomes at baseline to the outcomes if the current regulation, an

emissions concentration standard of 150mg/Nm3, was strictly enforced. At baseline, particulate

matter concentrations are well above the standard, with a mean concentration of 346 mg/Nm3

and a median of 232 mg/Nm3. Concentrations drop drastically if the standard is enforced, to a

mean of 109 mg/Nm3 109 mg/Nm3 and a median of 121 mg/Nm3. The mean annual quantity

of emissions per year drops from a baseline of 41,756 kg/year to 14,047 kg/year, a 66% reduction

in average annual emissions. This dramatic reduction of emissions would come at a mean cost

of Rs. 36,150 per year, and a median cost of Rs. 23,231. These costs are extremely modest. For

comparison, our sample industrial plants have an average annual salary expenditure of Rs. 32

million, an average annual turnover of Rs. 502 million, an average annual electricity bill of Rs.

28 million, and annual average expenditures on raw materials of Rs. 199 million.
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Table 3.2: Baseline Outcomes Compared to Outcomes under Compliance

Panel A:

Variable (unit) Mean at Baseline Mean with Compliance

PM Concentration (mg/Nm3) 346 109

Annual Emissions(kg/year) 41756 14047

Increase in Costs (Rs./year) 0 36150

Panel B:

Variable (unit) Median at Baseline Median with Compliance

PM Concentration (mg/Nm3) 232 121

Annual Emissions(kg/year) 24934 11931

Increase in Costs (Rs./year) 0 23231

Panel C:

APCDs Number Retrofitted Number Installed

Cyclones 190 106

Bag filters 23 0

Scrubbers 67 2

There is a wide variation in how much costs would increase for specific plants. Figure 3.3

shows how costs vary. Though the median is Rs. 23,231, the upper half of the distribution

has a long tail and includes plants with costs over Rs. 70,000 per year. 38% of all plants have

cost increases of less than Rs. 10,000 per year. Plants that were compliant at baseline have no

increases in costs.
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Figure 3.3: Distribution of Cost Increases from Universal Compliance with the Current Standard

Costs of abatement for the plants are usually modest because most abatement actions

involve upgrades to and improved maintenance of existing equipment. Plants already have the

technology needed to abate. Table 3.2 shows how pollution control technology is improved in

order to achieve universal compliance with the standard. Because all the plants have existing air

pollution control devices (APCDs), there are far more retrofits of existing technology - cyclones,

bag filters, and scrubbers - than installations of new equipment.
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3.6.2 Costs and Emissions Reductions of Alternate Policies and Regulation Strin-

gencies

Figure 3.4: Average Change in Costs under Policies of Varying Stringency

We estimate costs and abatement for an emissions concentration standard, emissions load

standard, cap and trade, and emissions taxes, for emissions concentration standard stringencies

ranging from 200 mg/Nm3 to 50 mg/Nm3. Each stringency is converted to a quantity cap as

described in Section 3.5.4. Aggregate emissions are significantly less than baseline emissions

under every scenario we evaluate. Strictly enforced concentration standards lead to significant

over-control. For any specific quantity of emissions reduction, market based instruments are

significantly cheaper than concentration standards and load standards are costlier. For the status

quo stringency of 150 mg/Nm3, switching to market based instruments would lead to a 39%

reduction in abatement costs, while switching to a load standard would increase costs by 21%.
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The increase in costs from alternate policies and alternate stringencies are presented in Table

3.3 and graphed in Figure 3.4. As Table 3.3 shows, the two market based instruments, cap

and trade and emissions taxes, have the same costs and same emissions for a given emissions

quantity cap. 4 Thus, in Figure 3.4, the emissions tax line overlays the cap and trade line.

Figure 3.5: Aggregate Emissions under Policies of Varying Stringency

4. Given a specific quantity, quantity instruments and price instruments will have the same outcomes (Weitzman
1974) in a model like this that does not incorporate uncertainty in cost or benefit estimates.
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Under any policy, aggregate emissions are significantly less than the emissions at baseline.

The aggregate emissions under various scenarios are presented in Table 3.4 and graphed in

Figure 3.5. The emissions tax line overlays the cap and trade line in Figure 3.5. The load standard,

cap and trade, and emissions tax policies lead to aggregate emissions that are very close to

the aggregate emissions cap. In contrast, a concentration standard policy leads to substantial

over-control, with aggregate emissions significantly below the equivalent emissions cap for every

possible concentration standard stringency.

Figure 3.6: Average Abatement Cost per KG under Policies of Varying Stringency

Concentration standards, if enforced strictly, lead to significant over-control due to the limited

discrete technologies available. As the concentration standard applies at every moment, stacks

must always run the APCD system to be in compliance. The stack concentration is wholly a

function of technology choice. The pollution control technology market in India has a limited

number of discrete technologies, so firms cannot perfectly meet the standard of 150 mg/Nm3
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standard. For example, the choice may be between a technology with 200 mg/Nm3 and 100

mg/Nm3.

In Figure 3.6 and Table 3.5, to compare the abatement costs of different policies, we estimate

the cost per kilogram of emissions reductions, for a given percentage reduction of emissions

relative to baseline. This makes the different policies comparable. Looking at total cost alone is

misleading, since a given concentration standard leads to lower emissions than the equivalent

emissions cap.

Table 3.5: Average Abatement Cost Per Unit for Different Levels of Abatement

Percentage Reduction

in Baseline Emissions
Average Abatement Cost Per KG (Rupees/KG)

Concentration

Standard

Load

Standard
Cap and Trade Emissions Tax

66.42% 1.31 1.59 0.80 0.80

68.08% 1.32 1.59 0.83 0.83

69.69% 1.36 1.61 0.86 0.86

71.14% 1.38 1.63 0.90 0.90

72.84% 1.42 1.65 0.94 0.94

74.37% 1.45 1.69 0.97 0.97

75.84% 1.49 1.74 1.01 1.01

77.49% 1.53 1.79 1.06 1.06

79.36% 1.57 1.82 1.12 1.12

80.85% 1.67 1.84 1.17 1.17

82.84% 1.75 1.89 1.24 1.24

84.40% 1.80 1.93 1.31 1.31

As predicted by theory, for any given level of emission reductions, market based instruments

are significantly cheaper than either type of command and control regulation. If the current

concentration standard of 150 mg/Nm3 was fully enforced, there would be a 66% reduction in
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baseline emissions, for an average abatement cost of Rs. 1.31/kg. Achieving a 66% reduction

in baseline emissions with cap and trade or emissions taxes would be possible for an average

abatement cost of Rs. 0.80 per kg. Thus plants would see 39% reduction in costs from switching

to a market based instrument. Alternatively, for the same average abatement cost of Rs. 1.31/kg,

there would be a 84% reduction in baseline emissions under a market based instrument, as

shown in Table 3.5 which presents the differences in costs at several stringency levels.

Within command and control regulations, concentration standards significantly outperform

load standards, as shown in Figure 3.6. Achieving a 66% reduction in emissions with a load

standard would cost Rs. 1.59 per kg, a cost increase of 21%, relative to the existing concentration

standard policy.

Figure 3.7: Number of APCDs Installed and Retrofitted under Policies of Varying Stringency

For all policies and stringencies that we evaluate, the number of retrofits remain significantly

larger than the number of new installations of APCDs, as shown in Figure 3.7. This again
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highlights that all industries already have pollution control equipment installed, which are being

poorly maintained and operated at baseline.

3.6.3 What Factors Drive the Cost Differences Between Policies?

Cost Differences Within Command and Control Policies:

Within command and control policies, the emissions load standard is more expensive than an

emissions concentration standard because it does not lead to over control. To be in compliance

under an emissions load standard, every plant must have high performing APCD systems, but

there is no incentive to operate the APCD system beyond the minimum necessary to be in

compliance with the emissions cap. Thus, emissions load standards have high fixed costs, but

the APCD systems are underutilized, so total costs are significantly higher per unit of emissions

reduction.

Table 3.6 provides a detailed breakdown comparing outcomes under the baseline, an enforced

emissions concentration standard of 150 mg/Nm3, and enforced alternate policies at the same

stringency level. Under the emissions concentration standard, cap and trade, and emissions tax

policies, the mean and median ‘Fraction of the time the APCD system is operated’ equals one,

that is, the APCD system is always operated. Under an emissions concentration standard policy,

this is necessary to be in compliance. Under cap and trade or emissions tax policies, once the

high fixed costs of an APCD system are incurred, it is optimal to operate it at all times and sell

emissions permits or reduce the total tax burden. However, under an emissions load standard,

the plant cannot utilize excess permits in anyway, so in order to save on operational costs, the

APCD system is not operated all the time. The mean fraction of the time the APCD system is

operated is 0.97, and the median fraction of time is 0.99. Though the plant has a small savings

from operational costs, the fixed capital costs remain large, making emissions load standards a

costly policy.
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Table 3.6: Outcomes under Full Enforcement of Status Quo Policies

Variable (unit) Baseline

Enforced
Concen-
tration
Standard

Enforced
Load
Standard

Enforced
Cap and
Trade

Enforced
Emissions
Tax

Mean PM Concentration
(mg/Nm3)

346 109 115 191 191

Median PM Concentration
(mg/Nm3)

232 121 94 165 165

Mean Annual Emissions
(tons/year)

41.76 14.05 18.88 19.48 19.48

Median Annual Emissions
(tons/year)

24.93 11.93 14.56 17.56 17.56

Mean Increase in Costs
(Thousand Rupees/Year)

36.15 34.26 12.92 12.92

Median Increase in Costs
(Thousand Rupees/Year)

23.23 25.62 3.91 3.91

Mean Increase in Capital
Costs (Thousand Rupees/Year)

24.17 22.95 8.62 8.62

Median Increase in Capital
Costs (Thousand Rupees/Year)

15.51 16.56 2.6 2.6

Mean Increase in Maintenance
Costs (Thousand Rupees/Year)

3.99 3.79 1.43 1.43

Median Increase in Maintenance
Costs (Thousand Rupees/Year)

2.62 2.7 0.44 0.44

Mean Increase in Operations
Costs (Thousand Rupees/Year)

7.98 7.52 2.86 2.86

Median Increase in Operations
Costs (Thousand Rupees/Year)

5.23 5.39 0.87 0.87

Mean Fraction of Time
APCD System is Operated

1 0.97 1 1

Median Fraction of Time
APCD System is Operated

1 0.99 1 1

Cost Differences Between Command and Control Policies and Market Based Instruments:

Case Study of a Sample Plant

Under market based instruments like cap and trade policies and emissions taxes, costs are

significantly less than an emissions concentration standard because abatement takes place in
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the plants that have the cheapest abatement costs. This is the key theoretical reason that market

based instruments minimize aggregate abatement costs. Plants with relatively high abatement

costs can buy permits or pay higher taxes, rather than invest in APCDs. Plants with relatively

low abatement costs can do excess emissions reduction, and then sell permits or pay lower taxes.

Figure 3.8: Sample Plant - Comparing Annual Changes in Cost under a Load Standard and Cap
and Trade

To demonstrate how market based instruments reduce costs, we show a case study of a

sample plant in our study. At baseline, the sample plant has a cyclone and bag filter attached

to a single combustion source, a baseline PM concentration of 238 mg/Nm3, and baseline

annual emissions of 21,700kg. Figure 3.8 shows the annual change in costs for this plant under

the emissions load standard and cap and trade policies. Under the emissions load standard

policy, for regulation stringencies of 200 mg/Nm3 to 53 mg/Nm3, the sample plant meets the

emissions cap by installing a new second cyclone. Annual total increase in costs ranges from
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Rs.45,340 for the 200 mg/Nm3 standard, to Rs. 45,664 for the 53 mg/Nm3 case, since the plant’s

operations costs increase as the APCD system is operated for more of the time. For the emissions

concentration standards from 52-50 mg/Nm3, the plant installs the new second cyclone and also

retrofits the original cyclone.

Figure 3.9: Sample Plant - Comparing Annual Changes in Cost under a Concentration Standard
and Emissions Taxes

In contrast, under a cap and trade policy, for regulation stringencies of 200 mg/Nm3 to 78

mg/Nm3, the plant retrofits the original cyclone and operates it continuously, for a constant

increase in abatement costs of Rs. 2067, as seen in the orange line. To meet the emissions cap,

the plant also purchases permits and pays an increasing permit cost in the yellow line. At 200

mg/Nm3, the plant pays Rs. 1,343 to buy permits. This increases to Rs. 36,511 at 78 mg/Nm3.

For regulation stringencies of 77 mg/Nm3 to 50 mg/Nm3, the plant installs a new second

cyclone as well as retrofitting the original cyclone. The APCD system is operated continuously,
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at a constant increase in abatement costs of Rs. 47,734. The plant moves from being a buyer of

permits, to selling its surplus permits, thus incurring negative costs in the yellow line depicting

permit costs. Thus, due to trading of emissions permits, total costs for the plant in the purple

line are much lower than the total costs under an emissions load standard depicted depicted in

the blue line.

Figure 3.9 shows the annual change in costs for this plant under the emissions concentration

standard and emissions tax policies. Under the emissions concentration standard policy, for

all regulation stringencies from 200 mg/Nm3 to 50 mg/Nm3, the plant has to install a new,

second cyclone to be in compliance, and operate it continuously, for a constant total increase

in abatement costs of Rs. 45,666. Under the emissions tax, the abatement decisions and costs

are identical to the cap and trade case. Instead of buying permits, the plant pays an increasing

emissions tax from 200 mg/Nm3 to 78 mg/Nm3. Because this particular tax policy taxes every

unit of emissions, the plant pays significantly more in emissions taxes than on permits under

cap and trade. At 200 mg/Nm3, the plan pays Rs. 14,154 in taxes, which increases to Rs. 56,431

at 78 mg/Nm3. At 77 mg/Nm3, the total tax paid drops to Rs. 11,433 due to the dramatic

reduction in emissions once the second cyclone is installed. Because the cap and trade policy

provides a free permit allocation, while the emissions tax program taxes every unit of emissions,

the emissions tax program involves a transfer from the plant to the government. Alternate

emissions tax policies could be designed that provide a certain quantity of tax-free emissions to

each plant. Because of this transfer, the total costs to the plant under emissions taxes is higher

than in the emissions concentration standard policy for regulation stringencies of 97 mg/Nm3

to 50 mg/Nm3.
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3.6.4 Distribution of Changes in Costs under Alternative Policies

Figure 3.10 shows how the increase in total costs varies by baseline PM concentration. The

three panels depict the average increase in total costs for the current 150mg/Nm3 regulation

stringency under the four policies. These graphs represent costs to the firm. Total costs to the

firm only include abatement costs for the emissions concentration and emissions load standards.

For cap and trade, total costs include abatement costs plus costs spent on buying permits. At the

aggregate level, these cancel out, and permit purchase costs represent a transfer from buyers of

permits to sellers. For the emission tax program, total costs include abatement costs plus the

total tax paid on emissions, the latter of which is a transfer to the government.

Plants that are compliant at baseline face the least absolute increase in costs, but are relatively

disadvantaged by a shift to a quantity based policy. Under an emissions concentration standard,

compliant plants face no changes in costs - they continue to do what they were doing at baseline.

Each of the three alternate policies, an emissions load standard, cap and trade, or an emissions

tax, is based on emissions quantity rather than emissions concentrations. There are distributional

consequences of switching to quantity based policies, which allocate emissions permits to plants

based on combustion source capacity. Some plants will be disadvantaged by this, leading to an

increase in average costs. In short, reform consistently disadvantages plants that are compliant

at baseline, since these plants are already optimized for the existing emissions concentration

standard, and often incur some costs from a change to a quantity based policy. As Figure

3.10 shows, under an emissions load standard, this leads to a small increase in average costs.

Under cap and trade, the disadvantage of the shift to a quantity policy is offset by permit sales.

Overall, compliant firms actually profit, as they are able to sell excess permits to plants who are

non-compliant at baseline. Under an emissions tax, the plant makes a sizable transfer to the

government by paying for every unit of PM emitted, so total costs to the plant go up significantly.

For plants that are non-compliant at baseline, the increase in costs is nearly identical for the

concentration standard and load standard policies. Depending on whether a concentration stan-

dard or load standard is enforced, plants optimize their APCD systems for either concentration

or quantity. Since these plants are not already optimized for compliance with a concentration

standard at baseline, they are minimally affected by the switch to a load standard. Under a cap
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and trade program, these industries are able to lower their overall costs. However, unlike the

plants who are compliant at baseline, they cannot make absolute profits through cap and trade.

Under emissions taxes, the plants pay higher total costs due to the tax burden. The pattern of

cost increases is similar for plants in the 150-300 and above-300 mg/Nm3 categories, however,

absolute costs are much higher for plants with baseline PM concentration over 300 mg/Nm3,

who have to make large investments in APCD systems to become compliant.

3.7 Cost Benefit Analysis

To compare our estimated abatement costs to the potential benefits, we estimate the health

benefits of improved life expectancy from particulate matter abatement in Surat district. For a

66% reduction in baseline emissions, our central estimates suggest that the net benefits under

a concentration standard are Rs. 580-583 billion, and the net benefits under an emissions tax

are Rs. 584-586 billion. We also present net benefit estimates for different levels of emissions

reduction. These estimates involve numerous assumptions and uncertainties. They only include

the costs of abatement, and not monitoring and enforcement costs to the regulator, or costs to

the plants of purchasing continuous monitoring systems, or other associated costs of reform. We

also ignore benefits unrelated to mortality, such as days of work lost, morbidity and quality of

life, etc. Nonetheless, we can draw the overall conclusion that the health benefits of abatement

substantially exceed abatement costs.

3.7.1 Benefits of Abatement

First, we analyze the benefits of abatement. We monetize the life expectancy benefits if 66% of

industrial pollution was abated. We use multiple estimates of the life expectancy benefits from

PM abatement, measured in years. We monetize this using Value of Life Years, which is the

economic value of a one year increase in life expectancy. Our India-specific Value of Life Years

estimates are based on the Lancet’s ‘Global Health 2035’ report (Jamison et al. 2013). Our central

estimate of total monetized life expectancy benefits for Surat District is Rs. 590,645 million, using

Chen et al. (2013)’s estimates of life expectancy benefits from PM abatement. The lower and
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upper bounds of total benefits would be Rs. 209,584 million and Rs. 1,066,972 million, based on

estimates from Correia et al. (2013) and Laden et al. (2006) respectively.

Industrial pollution is responsible for about 6.2 microgram/m3 of Surat’s fine particulate

pollution. In 2014-2015, the Central Pollution Control Board (CPCB) estimated that PM2.5

concentrations in Surat was between 29-33 microgram/m3, based on data from seven monitoring

stations, indicating a mean and median PM2.5 concentration of 31 microgram/m35. This number

is within the national standard of 40 microgram/m3, but is three times higher than the 10

microgram/m3 level recommended by the World Health Organization. S. Guttikunda and

Pooja Jawahar (2011) and S. K. Guttikunda and Puja Jawahar (2012) estimate that the industrial

contribution to ambient PM2.5 concentrations in Surat is about 20%, so the industrial sector is

responsible for about 6.2 microgram/m3 of PM2.5.

Our central estimate of life expectancy gains from reducing particulate matter by 6.2 micro-

gram/m3 is 0.62 years. There are not many estimates in the Indian context for life expectancy

gains with PM reduction. Most estimates (e.g. Pope, Ezzati, and Dockery 2009; Correia et al. 2013)

are from the USA where the ambient concentrations are significantly lower. A more comparable

estimate can be derived from Chen et al. (2013) for China, where ambient concentrations are

similar to India. As Chen et al. (2013)’s estimates are for total suspended particulate matter

(particles of sizes up to 100 micrograms), we rely on Greenstone et al. (2015)’s conversion that a

10 microgram/m3 reduction of fine particulates (PM2.5) improves life expectancy by 1.0 years.

Greenstone et al. (2015) also consider several of the main estimates used in the literature, which

range from life expectancy gains of 0.35 to 1.8 years per 10 microgram/m3 of PM2.5, from Correia

et al. (2013) and Laden et al. (2006) respectively. Our central estimate based on Chen et al. (2013)

suggests that a 6.2 microgram/m3 reduction in PM2.5 would increase life expectancy by 0.62

years. The estimates of 0.35 and 1.8 years per 10 microgram/m3 of PM2.5 would correspond to

life expectancy gains in Surat district of 0.22 years and 1.12 years respectively.

Our central monetized estimate of life expectancy gains is that 0.62 years of life expectancy

gains is worth Rs. 147,190 per person. Life expectancy gains of 0.22 years and 1.12 years would

5. Gujarat Pollution Control Board. “Ambient Air Quality Monitoring Programme: National Air Quality Moni-
toring Programme”. http://gpcb.gov.in/ambient-air-quality-monitoring-programme.htm. Accessed 28th February
2018.
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be worth Rs. 52,229 and Rs. 265,892 respectively. We use Value of Life Years (VLY)- that is,

the economic value of a one year increase in life expectancy. The Lancet’s ‘Global Health 2035’

report estimates that in low-income and middle-income countries, one VLY is 2.3 times the per

person income (Jamison et al. 2013). Per capita income in India was Rs. 1,03,219 in 2016-2017

(GoI 2018). This implies the current VLY in India is Rs. 237,404. This is comparable to commonly

used Value of a Statistical Life (VSL) estimates in India6.

Our central estimate of total monetized life expectancy benefits for Surat District is Rs.

894,917 million rupees for 0.62 years of life expectancy gains. Life expectancy gains of 0.22 years

and 1.12 years would have total monetized life expectancy benefits of Rs. 317,551 million rupees

and Rs. 1,616,624 million rupees respectively. To get these estimates, we multiply the per person

life expectancy gain by total population. Surat district has a population of 6.08 million people as

of the 2011 Census of India7.

For a 66% reduction in baseline emissions, benefits would be 66% of the above numbers.

That is, a 66% reduction in baseline emissions would reduce PM2.5 concentration by 4.092

microgram/m3 (66%*6.2). This would be total monetized life expectancy benefits of Rs. 590,645

million using our central estimate based on Chen et al. (2013). The lower and upper bounds

of total benefits would be Rs. 209,584 million and Rs. 1,066,972 million, based on Correia

et al. (2013) and Laden et al. (2006) respectively. Our estimates assume that the reduction in

suspended particulate matter pollution from the plants would lead to a proportionate reduction

in the industrial component of Surat’s PM 2.5 emissions.

3.7.2 Costs of Abatement

We estimate the district-wide costs of a 66% reduction of baseline emissions, which is our

estimate of total abatement in the surveyed plants if status quo regulations were fully enforced.

We consider a scenario where surveyed plants are 3.6% of Surat’s industrial emissions, in which

6. For instance, Cropper et al. (2017) study costs and benefits of air pollution control technology at coal-based
thermal power plants in India, and use two estimates of VSL: Rs. 1.3 million (Bhattacharya, Alberini, and Cropper
2007) and Rs. 15 million (Madheswaran 2007). The Rs. 1.3 million estimate is based on 2005 data, and the Rs. 15
million estimate is based on 2001 data, when India’s per capita income and hence VLY was much lower than today.

7. ”Surat District: Census 2011 data”. Census2011. https://www.census2011.co.in/census/district/206-surat.html.
Accessed 28th February 2018
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case net present abatement costs are Rs. 10,452 million under a concentration standard and Rs.

6,383 million under emissions taxes. We also consider a scenario where surveyed plants are 4.8%

of Surat’s industrial emissions, in which case net present abatement costs are Rs. 7,839 million

under a concentration standard and Rs. 4,788 million under emissions taxes.

If a 66% reduction in baseline emissions were achieved through the current concentration

standard regulations, the aggregate cost for the 311 plants in our survey would be Rs. 11.288

million a year, while the same abatement achieved through an emissions tax would cost Rs. 6.894

million a year, a 39% reduction in total costs8.

Next, we estimate how much our 331 surveyed plants contribute to Surat’s industrial

emissions, and consider two scenarios where they contribute 3.6% or 4.8% of Surat’s emissions.

The plants in the CPCB survey were selected because they were the highest emitters of particulate

matter in the area, and contribute disproportionately to Surat’s industrial pollution. The Gujarat

Pollution Control Board categorizes polluting industries as Red (worst), Orange, Green, and

White (non-polluting). 99% of the plants in our sample are in the ‘Red’ category. Gujarat

Pollution Control Board data indicates (ENVIS, n.d.) there are 16770 ‘Red’ category units, 6468

‘Orange’ category, and 4654 ‘Green category’ in Gujarat as of 20119. We estimate Surat has

about 5534, 2134, and 1536 industrial plants in the red, orange, and green categories10. Thus,

Surat’s polluting industrial units are about 60% Red, 23% Orange, and 17% Green. Since Red

industrial units are more polluting than Orange and Green ones, they generate more than 60%

8. As shown in Table 3.4, under a 150 mg/Nm3 enforced concentration standard, aggregate emissions would be
4369 tons, a reduction of 8617 tons (66%) relative to the baseline of 12986 tons. This cost comes at Rs.1.31 per kg, i.e.
Rs. 1310 per ton abated, as shown in Table 3.5, implying a total cost of Rs. 11,288,270, I.e. Rs. 11.288 million per year.
The same abatement under an emissions tax would cost Rs. 0.80 per kg, I.e. Rs. 800 per ton abated, implying a total
cost of Rs. 6.8936 million per year.

9. The Government of India reports that there are over 41,300 small and medium industrial units in Surat district,
of which nearly 24,000 are in textiles, as well as around 800 large industrial units (MSME, n.d.). However, many of
the 42100 industrial units in Surat contribute little to the ambient air quality as they are in non-polluting industrial
sectors. Hence, we are only concerned with the industrial units in the Gujarat Pollution Control Board’s data on
polluting plants, and we ignore other non-polluting industrial units in the ‘White’ category. In Surat overall, about 2%
of industrial units are large (800 of 42300). In our data, we have 68% small units, 26% medium units, and 6% large
units - so our surveyed plants are larger than a purely random sample would indicate. However, this size difference
is small and we ignore it.

10. In 2010 there were 55,170 Small and Medium Enterprises in Gujarat, around 34% of which were in Surat, and
5384 large enterprises, of which around 26% were in Surat. Taking a weighted average of small, medium, and large
enterprises, this implies 33% of Gujarat’s industrial units are in Surat. We assume that 33% of Gujarat’s Red, Orange,
and Green industrial units are in Surat
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of industrial pollution. Hence, we consider a scenario that Red industries form 80% of industrial

pollution. However, it is possible that ‘Red’ industries are under more scrutiny and have better

pollution control, so we also consider a scenario where Red industries form 60% of industrial

pollution (assuming the improved pollution control cancels out the higher pollution generation).

Our 331 surveyed plants are 6% of the Red industrial units. If Red plants contribute 80% of

emissions, then our surveyed plants contribute 4.8% of industrial pollution (6%*80%). If Red

plants contribute 60% of baseline emissions, then our surveyed plants contribute 3.6% (6%*60%)

of industrial pollution.

If our surveyed plants are 3.6% of Surat’s emissions, then aggregate abatement costs in Surat

would be Rs. 313.56 million annually under a concentration standard and Rs. 191.5 million

annually under an emissions tax, for a 66% reduction in emissions11. If our surveyed plants are

4.8% of Surat’s emissions, then aggregate abatement costs in Surat would be Rs.235.17 million

annually under a concentration standard and Rs. 143.63 million annually under an emissions

tax, for a 66% reduction in emissions12. For these estimates, we assume that the abatement costs

incurred at our surveyed plants are representative of costs at other industrial units.

To estimate a net present value for these annual costs, we use a 3% discount rate, which is the

discount rate used to monetize the health benefits (as per Jamison et al. (2013))13. For the 3.6%

scenario, net present abatement costs are Rs. 10,452 million under a concentration standard and

Rs. 6,383 million under emissions taxes. For the 4.8% scenario, net present abatement costs are

Rs. 7,839 million under a concentration standard and Rs. 4,788 million under emissions taxes.

11. Rs.11.288 million/0.036=Rs. 313.56 million, Rs. 6.894 million/0.036=Rs.191.5 million.

12. Rs.11.288 million/0.048=Rs. 235.17 million, Rs. 6.894 million/0.048=Rs.143.63 million.

13. We treat the annual costs as a perpetuity and divide it by the discount rate to get the net present value
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3.7.3 Comparing Costs and Benefits

We combine the benefit estimates using Chen et al. (2013), Correia et al. (2013), and Laden

et al. (2006) with the cost estimates for the 3.6% and 4.8% scenarios, as shown in Table 3.7. Our

central estimates, based on Chen et al. (2013) and holding total emissions reduction fixed at

66%, are that the net benefits under a concentration standard are Rs. 580-583 billion, and the net

benefits under an emissions tax are Rs. 584-586 billion. Table 3.7 presents alternate estimates of

net benefits, which range from Rs. 199-1062 billion.

Estimated health benefits substantially exceed costs in every scenario we estimate, under

every set of assumptions. As a comparison, we note that the United States Environmental

Protection Agency retrospectively estimated that the original 1970 Clean Air Act had much

larger benefits than costs over the period 1970-1990. Their central estimate of the benefit-cost

ratio is over 42 to 1, and across all estimates, the ratio of benefits to costs ranges from 10.7 to

94.5 (EPA 1997). In Appendix Table C.1, we present estimated benefit to cost ratios. Under our

central estimates, these are about 57 to 1 - 75 to 1 under a concentration standard, and about 93

to 1 - 123 to 1 under an emissions tax. We note that our central estimates under the emissions

concentration standard are within the ratios for the original Clean Air Act, which also relied

heavily on command and control regulation.

We also present net benefit estimates for different levels of regulation stringency. We use

the same methods described above, which calculated net benefit estimates for a specific 66%

reduction in baseline emissions, which corresponds to the expected reductions if status quo

regulations were fully enforced. We assume the standards would only be tightened and not

relaxed, so we consider emissions reductions of 66% or more. We conservatively assume that our

surveyed plants are 3.6% of Surat’s emissions, and not 4.8%. We use only the Chen et al. (2013)

estimates, and present results for an emissions concentration standard and emissions tax policy.

Appendix Table C.2 and Figure 3.11 present the results.
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The monetary net benefits are increasing across the range we study, i.e. for reductions

between 66% to 84% of baseline emissions. Our model cannot accurately estimate costs outside

this range, as additional stringency would require different types of pollution technologies such

as electrostatic precipitators (which are currently not incorporated in our model). However, the

results suggest that the regulation stringency should be at least equal to an 84% reduction in

baseline emissions.

3.8 Discussion and Conclusion

At current pollution levels, it is clear that the health benefits of particulate matter abatement

greatly exceed the abatement costs under all the main policy options, despite the uncertainties

in our estimates. Given the relatively low abatement costs, the key barriers to particulate matter

abatement in Indian industrial plants are not costs to the polluter, but rather the regulator’s

constraints regarding bureaucratic capacity, monitoring, and enforcement. The two biggest

challenges are monitoring and enforcement. The manpower of the State Pollution Control

Boards (SPCBs) is very limited. Bhushan et al. (2009) describe how the number of approved

employees at the SPCBs has decreased over time, although the number of industries they regulate

has increased by two or three-fold. There are also broader challenges including the political

difficulties of reforming the relevant environmental legislation, the slow judicial system, and so

on.

The first key challenge is monitoring. Industrial plant pollution is monitored sporadically

and manually. Officials from the State Pollution Control Boards (SPCBs) perform inspections of

plants, which often but not always include collecting samples of emissions. These inspections

could either be routine, or as a response to an industrial plant applying for consent to operate, or

as a follow-up to a violation discovered in a previous inspection (Duflo et al. 2014). As our model

indicates, plants can thus operate their pollution control equipment while being inspected, but

‘bypass’ the air pollution control system at other times, and our qualitative research indicates this

takes place regularly. True annual emissions may thus be much higher than what is measured

through the SPCB inspection process. Moreover, true emissions at baseline may be higher than

the baseline emissions we calculate and report in this paper. The intermittent manual sampling
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regime has other problems as well, due to factors like corruption. The inspection reports from

the SPCBs are periodically cross checked with third party audits for a subset of plants. As Duflo

et al. (2013) show, the auditing system was corrupted, with 29 percent of audits falsely reporting

compliance. After a reform of the audit process, industries reduced emissions by 0.2 standard

deviations, with reductions highest among plants with the highest concentrations.

Ongoing reforms should improve monitoring quality drastically. After successful piloting

of Continuous Emissions Monitoring Systems (CEMS), the Central Pollution Control Board

mandated in 2014 that all plants that fit certain criteria must install these devices, and issued

guidelines in 201714. CEMS devices measure pollution at high frequency and immediately

transmit the data to the regulator, thus providing high quality real time data. CEMS also

allow for appropriate calculation of the emissions load emitted by the polluter over a period of

time, as emissions is measured continuously and can be summed over a time period (EPOD,

Mcintyre, and Ambroz 2016). The CEMS roll out will take a number of years. Problems are

likely to persist, such as internet connectivity problems, device failures, and so on. However,

overall, the monitoring challenges are reducing. However, CEMS installations are expensive, and

incorporating CEMS costs would substantially add to our estimates of costs faced by plants.

The second key challenge is enforcement. Even under the current imperfect monitoring

system, it is evident in our data and previous research (Duflo et al. 2013, 2014) that numerous

industrial plants in Gujarat violate environmental regulations, with little consequence. Better

identification of high polluters through improved monitoring is insufficient if no action can be

taken against them. Some past efforts to improve monitoring in India have been insufficient

because of weak enforcement capacity. For instance, although a large literature shows that

surprise plant inspections in the USA reduce emissions (Hanna and Oliva 2010; Laplante

and Rilstone 1996), Duflo et al. (2014) find that in Gujarat, when the number of regulatory

inspections in a randomly selected treatment group of industrial plants was raised to the

prescribed minimum— about twice that of status quo - compliance only improved marginally,

and there was no effect on average emissions. The increase in inspections did not increase

14. Central Pollution Control Board, Government of India. “Online Monitoring Industrial Emission Effluent”.
Updated 7 February 2018. http://cpcb.nic.in/Online-Monitoring-Industrial-Emission-Effluent/. Accessed on 26th
February 2018.
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the detection of extreme polluters or the number of instances of costly penalties on industries,

suggesting that regulators are typically aware of the high polluters and inspections in the status

quo already target these.

As Ghosh (2015) describes, the current regulatory regime has a number of problems. The

environmental regulator - the State Pollution Control Board (SPCB) - cannot levy penalties

on non-compliant plants. The power to levy penalties lies with criminal courts. The SPCB

must win a criminal case against the non-compliant plant so that the court can levy a penalty.

However, criminal prosecution is an ineffective solution as the litigation is a slow process. The

SPCBs do have other powers, such as the ability to shut down plant operations or electricity and

water access. These too are not easy to implement. As a result, the SPCBs primarily target the

highest polluters and focus enforcement resources on them (Duflo et al. 2014). Some reforms

to enforcement are being piloted. The Maharashtra Star Ratings Programme, an information

disclosure program, publicly reveals the relative pollution emissions of different industrial plants,

as measured through the SPCB’s manual inspections. Such information disclosure programs

have been successful in other settings (Greenstone et al. 2017).

Given the scale of India’s air pollution crisis, a dramatic improvement in enforcement is

necessary. Even with no other changes to the policy instruments, our estimates indicate that

enforcing the status quo regulation would lead to a 66% reduction in aggregate emissions in our

Surat sample. If the Surat plants are representative of industrial plants across India, we can make

the following rough estimates. Across India, industrial emissions contribute 7.7% percent of fine

particulate matter pollution, and the population-weighted annual average PM2.5 concentration is

74.3 microgram/m3 (GBD MAPS 2018). A 66% reduction in industrial emissions would thus lead

to a PM2.5 reduction of about 3.78 microgram/m3, if abatement was implemented proportionate

to population. As our cost benefit analysis section shows, the benefits from improved life

expectancy are very large for a reduction in PM2.5 of this magnitude.

Improving enforcement should be the regulator’s key priority, alongside implementation of

continuous emissions monitoring systems. However, since improved enforcement will require a

political process and new legislation, we argue that a shift to a market based instrument should

occur simultaneously as part of the reforms. Evaluating alternate policies, it is clear that moving
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to market based instruments does indeed offer meaningful cost reductions. Our estimates

suggest a 66% reduction in baseline emissions is achievable with a 39% reduction in costs if

regulators switch from a concentration standard to a market based instrument. Alternatively, for

the same abatement costs of a 66% reduction in emissions under a concentration standard, an

84% reduction in emissions is possible under a market based instrument. Shifting to a different

type of command and control regulation, the quantity-based load standard, would increase costs

and has no benefit.

Of the two potential market based instruments, we argue that emissions taxes outperform

a cap and trade market in this setting, due to the weak enforcement environment with partial

compliance. Theory and our empirical results indicate that abatement and costs would be similar

under taxes or cap and trade. However, cap and trade depends on a functioning market for

permits. In a setting where many plants are non-compliant, there would be minimal incentive

to buy and sell permits, and the market might not reach any kind of equilibrium. For cap and

trade, enforcement thus involves a specific plant, the regulator, and appropriate enforcement

for all other plants as well. While improving enforcement is necessary, this will be a gradual

process over a number of years, and partial compliance is likely to persist for a long period.

Emissions taxes do not require all plants to be compliant to function, and enforcement only

involves a specific plant and the regulator. In our data, many plants are indeed compliant at

baseline. Even with no improvement in enforcement, an emissions tax would reduce abatement

costs for compliers, while a cap and trade might not do so in a world of imperfect compliance.

The potential for reform is promising. Over the last two decades, the Indian government has

reviewed environmental regulation through the appointment of multiple task forces, high-level

committees, and external consultants. Many of these have emphasized the need to use market-

based regulation and fiscal instruments that align incentives and reduce costs of complying with

regulations, following the “polluter pays” principle (MoEFCC 2014). The High Level Committee

on Forest and Environment Related Laws observes that “the legislations are weak, monitoring is

weaker, and enforcement is weakest”. Among the many recommendations in this report, the

Committee suggests “reworking standard-setting and revising a system of financial penalties

and rewards to proceed to a market-related incentive system” (MoEFCC 2014).
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Appendix A

Appendix to Chapter 1

A.1 Appendix Figures and Tables

Figure A.1: Participating Bus Depots in Karnataka

Notes: This map was made manually using Google My Maps. The approximate locations of the 34
participating depots are marked.
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Figure A.2: Timeline of Interventions

Notes: Project Timeline: The baseline survey took place in September and October 2015. Training took place in
March, April, and June 2016. There were three batches of incentive eligibility: April-May-June, May-June-July,
and July-August-September 2016. The disbursement of incentives typically took place in the three months
after incentive eligibility. Thus, a driver who achieved his April target typically received the incentive in May,
June, or July.
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Table A.2: Post-Attrition Subsample: Balance on Baseline Characteristics

Section I: Means

(1) (2) (3) (4)
C T1 T2 T3

Age (years) 38.40 38.56 38.80 38.68
(8.201) (8.540) (8.194) (8.303)

Education (years) 10.26 10.25 10.30 10.35
(1.886) (1.978) (1.775) (1.930)

KSRTC tenure (years) 9.563 9.824 9.719 9.662
(7.664) (8.231) (7.688) (7.855)

Job satisfaction (score) 4.588 4.475 4.594 4.457
(0.810) (0.903) (0.764) (0.888)

Risk aversion (score) 3.011 3.050 2.980 3.179
(1.430) (1.504) (1.463) (1.484)

Pro-socialness (Rs.) 24.95 24.59 24.28 24.51
(6.821) (7.787) (7.824) (7.731)

Consistently patient 0.571 0.582 0.605 0.561
(0.496) (0.494) (0.490) (0.497)

Dice points > 99p 0.0838 0.0967 0.0943 0.0765
(0.277) (0.296) (0.293) (0.266)

Dice points > 95p 0.184 0.169 0.154 0.193
(0.388) (0.375) (0.362) (0.395)

Attended driving school 0.0390 0.0331 0.0227 0.0587
(0.194) (0.179) (0.149) (0.235)

Had major accident 0.145 0.155 0.182 0.185
(0.352) (0.362) (0.386) (0.389)

Had minor accident 0.457 0.506 0.463 0.507
(0.499) (0.501) (0.499) (0.501)

Attended KSRTC training 0.852 0.857 0.872 0.855
(0.355) (0.351) (0.334) (0.353)

Number of drivers 359 363 352 358
.
Joint F-Test Statistic . 0.688 0.915 1.210
P-Value . 0.776 0.537 0.267

Section II: Differences

(1) (2) (3)
Training Incentives Tr. × Inc.

. 0.302 0.282 -0.324
(0.329) (0.328) (0.459)

. -0.0194 0.0524 0.0513
(0.121) (0.121) (0.172)

. 0.352 0.0576 -0.318
(0.375) (0.372) (0.520)

. -0.0988 0.0185 -0.0253
(0.0645) (0.0590) (0.0891)

. 0.0521 -0.0187 0.144
(0.108) (0.109) (0.157)

. -0.465 -0.739 0.782
(0.553) (0.552) (0.805)

. 0.0128 0.0268 -0.0543
(0.0367) (0.0371) (0.0523)

. 0.0128 0.00609 -0.0296
(0.0217) (0.0214) (0.0303)

. -0.0177 -0.0374 0.0613
(0.0282) (0.0281) (0.0401)

. -0.00255 -0.0118 0.0393∗

(0.0139) (0.0130) (0.0203)

. 0.00380 0.0350 0.000185
(0.0266) (0.0282) (0.0396)

. 0.0545 0.0117 -0.00889
(0.0375) (0.0376) (0.0530)

. 0.00438 0.0198 -0.0218
(0.0263) (0.0259) (0.0368)

.

.

.

.

This table reproduces the balance checks on baseline characteristics in Table 1.1 for the post-attrition
subsample used for analysis. * p < 0.10, ** p < 0.05, *** p < 0.01. Section I: reported coefficients are
means for groups C(Control), T1(Training Only), T2(Incentives Only), and T3(Training+Incentives). Standard
deviations are in parentheses. Section II: reported coefficients are from regressions of each variable on
Training, Incentives, Training × Incentives (Tr × Inc), and strata fixed effects. Robust standard errors are
in parentheses. For ‘Attended KSRTC training’ strata fixed effects are not included. The joint hypothesis
tests are from separate regressions of each treatment group compared to the control group. The treatment
indicator is regressed on all baseline characteristics. I test the joint hypothesis that all coefficients are equal
to zero.
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Table A.3: Post-Attrition Subsample: Take-up and Compliance

Section I: Means

(1) (2) (3) (4)

C T1 T2 T3

Panel A: Take-Up:

Took up training 0.00557 0.945 0.0142 0.958

(0.0745) (0.228) (0.119) (0.201)

Took up incentives 0 0 0.932 0.939

(0) (0) (0.252) (0.240)

Panel B: Compliance:

Complied with training 0.994 0.945 0.986 0.958

(0.0745) (0.228) (0.119) (0.201)

Complied with incentives 1 1 0.932 0.939

(0) (0) (0.252) (0.240)

Number of drivers 359 363 352 358

Section II: Differences

(1) (2) (3)

Training Incentives Tr. × Inc.

.

. 0.937∗∗∗ 0.00963 0.00505

(0.0129) (0.00756) (0.0178)

. 0.0000689 0.935∗∗∗ 0.00427

(0.00395) (0.0129) (0.0182)

.

. -0.0496∗∗∗ -0.00835 0.0220

(0.0129) (0.00756) (0.0178)

. 0.0000689 -0.0648∗∗∗ 0.00427

(0.00395) (0.0129) (0.0182)

.

This table reproduces the balance checks on take-up and compliance in Table 1.2 for the post-attrition
subsample used for analysis. * p < 0.10, ** p < 0.05, *** p < 0.01. Section I: reported coefficients are means
for groups C (Control), T1 (Training Only), T2 (Incentives Only), and T3 (Training+Incentives). Standard
deviations are in parentheses. Section II: reported coefficients are from regressions of each variable on
Training, Incentives, Training × Incentives (Tr × Inc), and strata fixed effects. Robust standard errors are in
parentheses.
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Table A.4: Treatment Groups: Balance on Batch Assignment and Training Type

Section I: Means Section II: P-Values

(1) (2) (3) (4) (5) (6) (7)
T1 T2 T3 Overall (1) vs. (2) (1) vs. (3) (2) vs. (3)

Batch:
In Batch 1 0.48 0.43 0.43 0.45 0.16 0.17 0.97

(0.03) (0.03) (0.03) (0.01)

In Batch 2 0.34 0.39 0.39 0.38 0.19 0.18 0.98
(0.02) (0.03) (0.03) (0.01)

In Batch 3 0.17 0.18 0.18 0.18 0.86 0.92 0.94
(0.02) (0.02) (0.02) (0.01)

N 380 381 380 1141

Training:
Haneef 0.75 0.81 0.78 0.06

(0.02) (0.02) (0.02)

PCRA 0.19 0.15 0.17 0.15
(0.02) (0.02) (0.01)

NA 0.06 0.04 0.05 0.26
(0.01) (0.01) (0.01)

N 380 380 760

Columns 1-4 present means, with standard errors in parentheses. Columns 5-7 present the p-values from a
t-test of the differences of the means of each indicator variable (Batch 1, Haneef, etc) across each treatment
group (T1, T2, T3). NA indicates the driver didn’t attend training.
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Table A.5: Impact on Fuel Efficiency in Each Month

(1) (2) (3) (4)
KMPL KMPL KMPL KMPL

Training ×1(m = Sep2015) -0.0114 -0.00738 -0.0118 -0.0116
(0.0169) (0.0128) (0.0114) (0.0114)

Training ×1(m = Oct2015) 0.0103 0.00378 0.00377 0.00372
(0.0187) (0.0147) (0.0124) (0.0124)

Training ×1(m = Nov2015) -0.0159 -0.0117 -0.0106 -0.0104
(0.0190) (0.0151) (0.0122) (0.0122)

Training ×1(m = Dec2015) 0.00404 0.00606 0.00503 0.00484
(0.0208) (0.0161) (0.0127) (0.0127)

Training ×1(m = Jan2016) -0.00766 -0.00788 -0.00402 -0.00395
(0.0226) (0.0179) (0.0150) (0.0150)

Training ×1(m = Feb2016) -0.000546 -0.00172 -0.00291 -0.00264
(0.0218) (0.0168) (0.0141) (0.0141)

Training ×1(m = Mar2016) 0.0271 0.0186 0.0114 0.0117
(0.0235) (0.0187) (0.0144) (0.0144)

Training ×1(m = Apr2016) 0.0162 0.0251 0.0188 0.0188
(0.0250) (0.0189) (0.0146) (0.0146)

Training ×1(m = May2016) 0.0181 0.0275 0.0226 0.0227
(0.0275) (0.0208) (0.0163) (0.0163)

Training ×1(m = Jun2016) 0.00804 0.0308 0.0144 0.0149
(0.0290) (0.0195) (0.0158) (0.0158)

Training ×1(m = Jul2016) -0.0171 0.0170 -0.00366 -0.00347
(0.0282) (0.0196) (0.0154) (0.0154)

Training ×1(m = Aug2016) -0.0324 0.00295 -0.0146 -0.0144
(0.0272) (0.0197) (0.0161) (0.0161)

Training ×1(m = Sep2016) -0.000300 0.00606 -0.000569 -0.000433
(0.0278) (0.0219) (0.0180) (0.0180)

Training ×1(m = Oct2016) 0.0142 0.0138 -0.00399 -0.00365
(0.0299) (0.0211) (0.0174) (0.0174)

Training ×1(m = Nov2016) 0.0261 0.0213 0.00805 0.00821
(0.0294) (0.0208) (0.0172) (0.0172)

Training ×1(m = Dec2016) 0.000877 0.00641 -0.00251 -0.00222
(0.0296) (0.0206) (0.0170) (0.0170)

Training ×1(m = Jan2017) 0.00907 0.0253 0.0179 0.0181
(0.0286) (0.0204) (0.0172) (0.0172)

Training ×1(m = Feb2017) 0.00310 0.0100 0.0150 0.0152
(0.0308) (0.0235) (0.0197) (0.0197)

Incentives ×1(m = Sep2015) 0.00405 -0.000210 -0.00543 -0.00529
(0.0145) (0.0110) (0.0101) (0.0101)

Table continued on next page
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Table A.5: (Continued)

(1) (2) (3) (4)
KMPL KMPL KMPL KMPL

Incentives ×1(m = Oct2015) 0.0292∗ 0.0164 0.00984 0.0100
(0.0164) (0.0138) (0.0123) (0.0123)

Incentives ×1(m = Nov2015) 0.00104 -0.00176 -0.0133 -0.0130
(0.0177) (0.0145) (0.0122) (0.0122)

Incentives ×1(m = Dec2015) 0.0283 0.0193 0.00796 0.00801
(0.0182) (0.0140) (0.0118) (0.0118)

Incentives ×1(m = Jan2016) -0.0125 -0.00554 -0.0140 -0.0140
(0.0224) (0.0191) (0.0142) (0.0142)

Incentives ×1(m = Feb2016) 0.0188 0.0143 -0.00343 -0.00347
(0.0208) (0.0151) (0.0135) (0.0135)

Incentives ×1(m = Mar2016) 0.0258 0.0273∗ 0.00978 0.00969
(0.0215) (0.0165) (0.0136) (0.0136)

Incentives ×1(m = Apr2016) -0.00378 0.0123 -0.00231 -0.00291
(0.0214) (0.0161) (0.0134) (0.0134)

Incentives ×1(m = May2016) 0.0222 0.0367∗∗ 0.0216 0.0216
(0.0220) (0.0167) (0.0137) (0.0137)

Incentives ×1(m = Jun2016) 0.0316 0.0450∗∗∗ 0.0170 0.0173
(0.0241) (0.0175) (0.0135) (0.0135)

Incentives ×1(m = Jul2016) 0.0289 0.0520∗∗∗ 0.0250∗ 0.0252∗

(0.0254) (0.0182) (0.0143) (0.0143)

Incentives ×1(m = Aug2016) 0.0379 0.0616∗∗∗ 0.0288∗∗ 0.0288∗∗

(0.0256) (0.0193) (0.0145) (0.0146)

Incentives ×1(m = Sep2016) 0.0395 0.0557∗∗ 0.0202 0.0202
(0.0283) (0.0216) (0.0157) (0.0157)

Incentives ×1(m = Oct2016) 0.0354 0.0445∗∗ 0.0115 0.0116
(0.0261) (0.0190) (0.0151) (0.0151)

Incentives ×1(m = Nov2016) 0.0356 0.0495∗∗ 0.0162 0.0158
(0.0262) (0.0195) (0.0158) (0.0158)

Incentives ×1(m = Dec2016) 0.00312 0.0325∗ 0.00535 0.00531
(0.0260) (0.0193) (0.0156) (0.0156)

Incentives ×1(m = Jan2017) 0.0203 0.0539∗∗∗ 0.0148 0.0145
(0.0266) (0.0198) (0.0159) (0.0159)

Incentives ×1(m = Feb2017) 0.00974 0.0490∗∗ 0.0226 0.0223
(0.0286) (0.0223) (0.0171) (0.0171)

Training × Incentives ×1(m = Sep2015) 0.00100 -0.00522 -0.00154 -0.00164
(0.0225) (0.0171) (0.0154) (0.0154)

Training × Incentives ×1(m = Oct2015) -0.00406 -0.0108 -0.0181 -0.0183
(0.0261) (0.0204) (0.0178) (0.0178)

Table continued on next page
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Table A.5: (Continued)

(1) (2) (3) (4)
KMPL KMPL KMPL KMPL

Training × Incentives ×1(m = Nov2015) 0.0241 0.0174 0.0141 0.0136
(0.0266) (0.0210) (0.0177) (0.0177)

Training × Incentives ×1(m = Dec2015) 0.00425 0.00526 0.00334 0.00345
(0.0281) (0.0218) (0.0181) (0.0181)

Training × Incentives ×1(m = Jan2016) 0.0336 0.0194 0.0219 0.0220
(0.0327) (0.0268) (0.0213) (0.0213)

Training × Incentives ×1(m = Feb2016) 0.0205 0.0104 0.0179 0.0176
(0.0313) (0.0235) (0.0198) (0.0198)

Training × Incentives ×1(m = Mar2016) -0.00674 -0.0175 -0.00732 -0.00738
(0.0326) (0.0248) (0.0204) (0.0204)

Training × Incentives ×1(m = Apr2016) 0.0640∗ 0.0189 0.0122 0.0127
(0.0335) (0.0261) (0.0212) (0.0212)

Training × Incentives ×1(m = May2016) 0.00945 -0.0138 -0.0192 -0.0192
(0.0362) (0.0278) (0.0226) (0.0226)

Training × Incentives ×1(m = Jun2016) 0.0280 -0.0189 -0.00838 -0.00867
(0.0379) (0.0275) (0.0220) (0.0220)

Training × Incentives ×1(m = Jul2016) 0.0607 0.00192 0.0119 0.0118
(0.0385) (0.0272) (0.0215) (0.0215)

Training × Incentives ×1(m = Aug2016) 0.0457 -0.00358 0.0164 0.0160
(0.0383) (0.0280) (0.0223) (0.0223)

Training × Incentives ×1(m = Sep2016) 0.0112 -0.0142 0.00813 0.00823
(0.0401) (0.0312) (0.0241) (0.0242)

Training × Incentives ×1(m = Oct2016) 0.0122 0.00429 0.0266 0.0268
(0.0401) (0.0285) (0.0232) (0.0232)

Training × Incentives ×1(m = Nov2016) -0.00527 -0.0194 0.00436 0.00479
(0.0405) (0.0283) (0.0231) (0.0231)

Training × Incentives ×1(m = Dec2016) 0.0323 0.0000354 0.0182 0.0184
(0.0403) (0.0284) (0.0232) (0.0233)

Training × Incentives ×1(m = Jan2017) 0.0225 -0.0212 0.00626 0.00682
(0.0411) (0.0290) (0.0235) (0.0235)

Training × Incentives ×1(m = Feb2017) -0.00159 -0.0283 -0.0149 -0.0146
(0.0427) (0.0325) (0.0264) (0.0263)

Observations (shifts) 384241 381612 381375 381375
Number of clusters (drivers) 1432 1432 1432 1432
Driver fixed effects Yes Yes Yes Yes
Month × year fixed effects Yes Yes Yes Yes
Depot × route fixed effects Yes Yes Yes
Depot × vehicle fixed effects Yes Yes
Day of week fixed effects Yes

Table continued on next page
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Table A.5: (Continued)

(1) (2) (3) (4)
KMPL KMPL KMPL KMPL

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Robust standard errors clustered by driver in parentheses.

KMPL is winsorized at 1% and 99%. The reference group is all shifts from January-August 2015.

Reported coefficients are interactions between the treatments and indicators for month × year.
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Table A.6: Robustness Check: Impact using Post-Intervention Data Only

(1) (2) (3) (4)

KMPL KMPL KMPL KMPL

Training 0.0185 0.0103 0.00572 0.00549

(0.0161) (0.00732) (0.00716) (0.00717)

Incentives 0.0141 0.00342 0.000936 0.000742

(0.0151) (0.00663) (0.00649) (0.00650)

Training × Incentives 0.0203 0.0103 0.0166∗ 0.0169∗

(0.0228) (0.0100) (0.00982) (0.00983)

Baseline KMPL 0.694∗∗∗ 0.157∗∗∗ 0.129∗∗∗ 0.129∗∗∗

(0.0280) (0.0124) (0.0125) (0.0125)

Observations (shifts) 167948 166579 166361 166361

Clusters (drivers) 1359 1356 1356 1356

Strata fixed effects Yes Yes Yes Yes

Month × year fixed effects Yes Yes Yes Yes

Depot × route fixed effects Yes Yes Yes

Depot × vehicle fixed effects Yes Yes

Day of week fixed effects Yes

p < 0.10, ** p < 0.05, *** p < 0.01. Robust standard errors clustered by driver in parentheses.
KMPL is winsorized at 1% and 99%. Only post-intervention shifts (m >= March2016) are used.
Baseline KMPL is the average of KMPL in all pre-intervention shifts (m <= February2016).
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Table A.7: Robustness Check: Dropping Shifts with Multiple
Drivers

All Shifts Shifts with single:

(1) (2) (3)
- RCT driver driver

Panel A: Without Controls

Training × Post 0.00787 0.00850 0.00871
(0.0189) (0.0190) (0.0198)

Incentives × Post 0.0190 0.0209 0.0201
(0.0163) (0.0164) (0.0170)

Training × Incentives × Post 0.0176 0.0171 0.0191
(0.0255) (0.0257) (0.0267)

Observations (shifts) 384241 379420 362260
Number of clusters (drivers) 1432 1431 1411

Panel B: With Controls

Training × Post 0.00906 0.00898 0.00744
(0.0102) (0.0103) (0.0107)

Incentives × Post 0.0168∗∗ 0.0174∗∗ 0.0178∗∗

(0.00829) (0.00840) (0.00878)

Training × Incentives × Post 0.000948 0.000421 0.00234
(0.0136) (0.0137) (0.0142)

Observations (shifts) 381375 376551 359370
Number of clusters (drivers) 1432 1431 1408

p < 0.10, ** p < 0.05, *** p < 0.01. Robust standard errors clustered by driver
in parentheses. KMPL is winsorized at 1% and 99%. Post is an indicator for
all shifts from March 1 2016 onwards. In Column 2, all shifts with 2 RCT-
participant drivers are dropped. In Column 3, all shifts with 2 or more drivers
(including non-participants) are dropped. All specifications include driver and
month × year fixed effects. The control variables in Panel B are depot × vehicle,
depot × route, and day of week fixed effects.
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A.2 Event Time Approach

The main paper uses a single treatment date for all drivers. In this appendix, I use a complemen-

tary approach to further explore the time patterns of the treatment effects. Since the treatments

were implemented in three batches (see the timeline in Appendix Figure A.2 and Section 1.3.2), I

also consider a difference in difference regression with multiple treatment dates. I include an

event-time variable, following Autor 2003, Greenstone and Hanna 2014, and Hanna, Duflo, and

Greenstone 2016. I estimate

Yimdτ = β1Trainingd × Postiτ + β2 Incentivesd × Postiτ

+ β3Trainingd × Incentivesd × Postiτ + αd + δm + Controlsimd + εimdτ

(A.1)

Where Yimdτ is kilometers per liter (KMPL) for shift i in month-year m for driver d in event-month

τ. The event-time variable τ measures the number of months since the intervention, such that

τ = 0 in the month training is assigned (groups T1 and T3), τ = 1 in the first month incentives

are assigned (groups T2 and T3), and τ = 0 for all months for the control group C. Postiτ is an

indicator for any shift i in event-month τ >= 0, and the rest is as in Equation 1.1. Results are

presented in Appendix Table A.8.

I similarly estimate monthly treatment effects in event-time as follows

Yimdτ =
τ=11

∑
τ=−6

β1,τ(Trainingd × Iτ) +
τ=11

∑
τ=−6

β2,τ(Incentivesd × Iτ)

+
τ=11

∑
τ=−6

β3,τ(Trainingd × Incentivesd × Iτ) + αd + δm + Controlsimd + εimdτ

(A.2)

Where Iτ is a set of indicator variables for event-month τ, and the rest is as in Equation 1.2.

I include the six months prior to the intervention as a placebo test. The β1,τs, β2,τs, and β3,τs

measure the impact of training, incentives, and the interaction respectively, for the 6 months

leading up to training, the month of training, and the 11 subsequent months. The β’s are

the average difference between treatment and control groups in event-month τ, relative to the

average difference 7 or more months before training (i.e. the reference period is τ ∈ [−17,−7]).

Results are graphed in Appendix Figures A.7, A.8, and A.9.

As described in Section 1.3.2, T2 drivers were randomly assigned to batches but T1 and
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T3 (training group) drivers were not. Thus, there may be some selection bias in the batches.

For instance, managers may have sent eager drivers first, or preferentially sent drivers they

perceived to be more in need of training. Equation A.1 pools the three batches together, so that

the comparison is between all treatment group drivers and the control group. As drivers were

randomly assigned to treatments, the control group drivers provide an appropriate counter

factual and the event time βs should provide an estimate of the causal effect of treatment.

Appendix Figures A.7, A.8, and A.9 demonstrate that the parallel trend assumption is satisfied

and there are no differential trends in the pre-intervention period. Due to the timing of the

batches, while the β1/2/3,τs are identified from all treatment group drivers for τ ∈ [−6, 8], the

β1/2/3,τs are identified from the first two batches for τ ∈ [9, 10], and β1/2/3,τ=11 is identified only

from the first batch. As there may some selection bias for the batches, the βs for τ ∈ [9, 11] may

be biased estimates.

Overall, results are qualitatively similar with both the single treatment date and multiple

treatment date approaches. The time patterns seen in the main paper for training and incentives

are more clear with the event-time approach. The training program has a small positive impact

in the short term for 3-4 months after training, statistically significant with controls. There is

a clear time pattern for the incentives scheme, showing that the magnitude of the treatment

effect sets in gradually, continues while implementation is ongoing, and ends once the incentive

implementation ends. In the event-time method the monthly treatment effects are statistically

significant with controls.
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Table A.8: Impact on Fuel Efficiency using a Difference in Difference in Event-Time

(1) (2) (3) (4)

KMPL KMPL KMPL KMPL

Training × Post 0.0133 0.0267∗∗ 0.0185∗ 0.0187∗

(0.0181) (0.0118) (0.0104) (0.0104)

Incentives × Post 0.0246∗ 0.0449∗∗∗ 0.0273∗∗∗ 0.0272∗∗∗

(0.0146) (0.00956) (0.00788) (0.00789)

Training × Incentives × Post 0.0143 -0.0173 -0.00911 -0.00888

(0.0250) (0.0164) (0.0139) (0.0139)

Observations (shifts) 384241 381612 381375 381375

Number of clusters (drivers) 1432 1432 1432 1432

Driver fixed effects Yes Yes Yes Yes

Month × year fixed effects Yes Yes Yes Yes

Depot × route fixed effects Yes Yes Yes

Depot × vehicle fixed effects Yes Yes

Day of week fixed effects Yes

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Robust standard errors clustered by driver in parentheses

KMPL is winsorized at 1% and 99%

Post is an indicator for Yimdτ ∈ [τ >= 0]
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Appendix B

Appendix to Chapter 2

B.1 Appendix Figures and Tables
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Figure B.1: Instructions for Lottery Selection Task to Measure Risk Aversion
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Figure B.2: Instructions for Dictator Game to Measure Pro-socialness
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Figure B.3: Instructions for Dice Task to Measure Dishonesty
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B.2 Measuring Dishonesty on the Dice Task

In this appendix, I contribute to the literature on using dice games to measure dishonesty at

the individual level. I report individual-level dishonesty measures (Hanna and Wang 2017),

group-level dishonesty measures (Fischbacher and Föllmi-Heusi 2013), and estimated Type I

and Type II measurement errors for several possible dishonesty metrics (Kröll and Rustagi 2016).

I find large measurement errors in this setting for all the commonly used metrics. I conclude

that the common sample median metric (Hanna and Wang 2017; Banerjee et al. 2016) is a good

metric in a dishonest population, but has excessive Type I error in a relatively honest population.

The metrics of the 90th, 95th, or 99th percentiles of the theoretical minimize Type I error, and

can detect ‘strong cheating’, but are low-powered to detect ‘any type of cheating, partial or

strong’. Since most studies indicate the widespread presence of partial cheaters (see Rosenbaum,

Billinger, and Stieglitz (2014) for a review), and the theoretical percentile based metrics pool

together honest and weakly dishonest respondents and compare them to the strongly dishonest,

the downward bias noted by Kröll and Rustagi (2016) is likely in many settings.

To measure dishonesty, I use the dice task introduced by Fischbacher and Föllmi-Heusi (2013),

as adapted by Hanna and Wang (2017). Fischbacher and Föllmi-Heusi (2013) introduce a task

where respondents privately roll a die once and report the outcomes. This measure can capture

propensity for dishonesty at the group level, as the distribution of responses can be compared

to the theoretical distribution. Hanna and Wang (2017) adapt this task to obtain an individual

level measure of dishonesty, by requesting respondents to roll the dice 42 times, and comparing

the individual’s distribution of responses to the theoretical distribution. They calculate that

37 dice rolls are needed to identify an individual’s propensity for dishonesty using the effect

sizes observed in Fischbacher and Föllmi-Heusi (2013), an alpha equal to 0.05, and a power

level of 0.8. They round up to 42 dice rolls. They then estimate the respondent’s likelihood of

cheating through a number of metrics: the raw total dice points, whether the respondent reports

above-median dice points, and whether the respondent reports total dice points above the 95th

or 99th percentiles of the theoretical distribution.

Kröll and Rustagi (2016) note that statistical distribution based measures can have substantial

measurement error, and poorly capture partial cheating. They build on Fischbacher and Föllmi-
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Heusi (2013) and Hanna and Wang (2017) and use an innovation of the dice task among 72

informal milkmen in Delhi. Milkmen are asked to roll the die 40 times. They use a Bluetooth

enabled dice which transmits the actual outcome of each roll. This enables precise measures of

dishonesty as they can compare actual and reported outcomes for each roll of the dice. They

demonstrate heterogeneity in who cheats, as measured by the number of over-reported rolls,

with half their sample - 36 of 72 milkmen - reporting dishonestly at least once, and also show

there is a large variation in the degree of dishonesty, as the number of over-reported rolls

ranges from 0 to 27. They compare this Bluetooth enabled precise measure of dishonesty to the

binary measures of dishonesty based on statistical distributions, as used by Hanna and Wang

(2017). They find significant measurement error using the binary measures of how many drivers

reported dice total above the 95th or 99th percentile of the theoretical distribution. Additionally,

the binary measure does not capture the heterogeneity in magnitude of dishonesty.

I first report the individual-level dishonesty measures used by Hanna and Wang (2017),

based on statistical distributions. In the dishonesty task, across 42 dice rolls, the theoretical

mean is 147 points. Among the 1511 dice task respondents, the mean is 153 points, 9% of the

respondents have scores above the theoretical 99th percentile, and 18% have scores above the

theoretical 95th percentile. Figure 2.1 shows the distribution of dice points in the sample and

compares it to the theoretical distribution.

I next report group-level measures of dishonesty, and present estimated frequency distributi-

ons for honest and dishonest respondents in Appendix Table B.3. I estimate that 67.5% of the

respondents are unconditionally honest and do not cheat at all, 18.5% are partially dishonest,

and 14% are strongly dishonest, i.e. they report dice points above the 95th percentile. Using

the 99th percentile, 8% are strongly dishonest and 24.5% are partially dishonest1. I exploit my

large sample of 1522 participants, of whom 1511 did the dice task. Following Fischbacher and

Föllmi-Heusi (2013), I assume that individuals reporting the lowest possible outcomes are all

1. Fischbacher and Föllmi-Heusi (2013) categorize people into honest, partial liars, and ‘income maximizers’ who
lie to the fullest extent possible. No one in my sample lies to the fullest possible extent, so even the ‘strongly dishonest’
people do not report 42 rolls of a 6, i.e. there are no ‘income maximizers’. Kröll and Rustagi (2016) classify weakly
dishonest people as those who exhibit any amount of cheating and strongly dishonest ones as those who score above
the 95th and 99th percentile. My definition is similar, but unlike Kröll and Rustagi (2016) I cannot identify weakly
dishonest people at the individual level.
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honest, and use this to estimate how many are honest overall. In a large sample of 1511 drivers,

I assume the distribution of outcomes among the unconditionally honest drivers is similar to

the theoretical distribution. I find that 51 drivers, 103 drivers, and 243 drivers respectively

report outcomes below the 5th, 10th, and 25th percentiles of the theoretical distribution. This

corresponds to estimates of 1020, 1030, or 972 honest drivers overall2. I use the median estimate,

that 1020 drivers out of 1511 are unconditionally honest, 67.5%. In Table B.3, I present the actual

frequency distribution of all drivers, estimate the frequency distribution of honest drivers, and

subtract the latter to estimate the frequency distribution of dishonest drivers. Partial cheating is

noticeable in this sample of bus drivers, and no individual maximizes the reported points. Partial

dishonesty is typical in the literatre - in a review of experimental evidence on honesty from

economics and psychology, Rosenbaum, Billinger, and Stieglitz (2014) find robust evidence of

unconditional cheaters and non-cheaters as well as situation dependent cheaters across settings.

Finally, I report the estimated measurement errors of different possible dishonesty metrics, as

done by Kröll and Rustagi (2016). I find large measurement errors in all considered metrics. In

the 42 rolls dice task, respondents are classified as dishonest if they fall above a particular cutoff,

usually the sample median, 95th percentile, or 99th percentile. I consider four possible cutoffs -

the sample median, and the 90th, 95th, and 99th percentiles of the theoretical distribution. The

results are presented in Panel B of Table B.3. The 90th, 95th, and 99th percentiles have power

levels of 0.56, 0.43, and 0.25 respectively. Thus Type II error is substantial - it is 75% at the 99th

percentile cutoff, compared to 37.5% in Kröll and Rustagi (2016). The sample median, 153, has a

power level of 0.90 and thus a low Type II error of 0.10, but has a Type I error of 0.29.

The sample median metric works well in a strongly dishonest population, but not in a

relatively honest one. Many studies use the sample median as a cutoff (Hanna and Wang 2017;

Banerjee et al. 2016). This measure has the most power in my population, but a large Type I

error. In the original Hanna and Wang (2017) study, however, the sample median corresponds to

the 95th percentile of the theoretical distribution, and thus has a small Type I error of 0.05.

2. If unconditionally honest respondents have outcomes similar to the theoretical distribution, then about 5% should
report outcomes less than the 5th percentile of the theoretical distribution, and the total number of unconditionally
honest respondents should equal 20 × 51 = 1020. With the 10th or 25th percentiles, the estimates are 1030 or 972
honest drivers.
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On the other hand, the 90th, 95th, and 99th percentile measures are low powered to detect

individuals who are partially dishonest. However, these cutoffs have higher power to measure

the strongly dishonest. Since partial cheating is common, as Kröll and Rustagi (2016) points out,

downward bias is expected. For the main paper, I select the 95th percentile cutoff as the best

balance between Type I and Type II error.
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Appendix C

Appendix to Chapter 3

C.1 Appendix Figures and Tables
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C.2 Estimating Empirical Inputs for the Engineering Model

In this appendix, we describe the empirical inputs for the engineering model. The empirical

inputs are based on the industrial plant survey, and also on expert inputs on abatement methods

for industrial plants. We sought advice from consultants in the energy and environment

department of the Federation of Indian Chambers of Commerce and Industry (FICCI). FICCI

assisted with the survey questionnaire and with a method to analyze abatement options based

on the survey data. The survey questionnaire was designed specifically to enable this analysis of

each industrial plant’s abatement options.

C.2.1 Data Sources

Inputs on Air Pollution Control Devices (APCDs) from FICCI

FICCI experts were consulted to prepare detailed energy and air pollution control audits

for eight sample industrial plants, and then help in providing a detailed methodology to

enable automating the audit analysis for all surveyed plants. FICCI provided inputs on capital,

operations, and maintenance costs for Air Pollution Control Device (APCDs), their best collection

efficiencies, and typical lifetimes. A summary of these inputs is provided in Tables C.3 and C.4.

Table C.3: Capital Costs of APCDs by Boiler Capacity

Boiler Capacity Capital Costs

(Tons Per Hour) (Hundred Thousand Rupees)

Bag Filter Cyclone Scrubber Boiler

2 7.1 1.2 2.8 35

5 10.3 1.7 3.3 82

10 14.7 2.1 4.3 136

After consulting FICCI, we estimate operations and maintenance costs as 3% and 6% respecti-

vely of the capital costs of APCDs.
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Table C.4: APCD Lifetimes and Collection Efficiencies

APCD Type Lifetime (years) Efficiency

Cyclone 13 80%

Scrubber 10 94%

Bag Filter 20 99%

As Electrostatic Precipitators (ESPs) are very expensive, and are rare in our survey of

industrial plants, we do not consider upgrades to existing ESPs or installation of new ESPs in

this model.

Inputs from the Industrial Plant Survey

The survey of industrial plants provides a rich dataset to enable a systematic appraisal of each

plant’s current PM emissions, reduction potential, and costs of abatement measures. The survey

questionnaire included questions on the fuel consumption and combustion sources, the parallel

chain configurations attached to each stack, the technical specifications of each APCD, and most

importantly, included gravimetric stack sampling to measure stack emissions concentrations and

stack flow rates.

C.2.2 Estimating Plant Specific Baseline APCD Efficiencies

We empirically estimate the baseline collection efficiencies of each APCD in each plant using the

survey stack sampling results and the FICCI-provided theoretical maximum efficiencies for each

APCD type.

For any particular parallel chain (i.e. a combustion source followed by a system of APCDs),

the overall chain APCD efficiency relates to the n individual APCD efficiencies as follows:

E f fchain = 1− [(1− E f fAPCD1)× (1− E f fAPCD2)× ...× (1− E f fAPCDn)]

Where E f fAPCD1 is the fraction of particulates captured by APCD 1, etc. Thus, (1− E f fAPCD1)

is the fraction of particulates not captured by APCD 1. [(1− E f fAPCD1)× ...× (1− E f fAPCDn)]
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is the fraction of total particulates that is not captured by any of the APCDs, and E f fchain is thus

the fraction of particulates captured by the overall APCD system.

We note that it is difficult to measure APCD efficiencies using our available dataset. We have

made empirical estimates by combining certain assumptions with survey data on the parallel

chain configurations of each stack and the PM concentrations at each stack, as follows.

Estimating Baseline Overall Chain Efficiency:

We group all the industrial plants in the survey by the parallel chain configurations attached

to the stack. Within each group of plants with a common configuration, the following process

is followed to determine efficiencies of each APCD chain in each plant. ‘Inlet concentration’

refers to the PM concentration that enters the APCD chain from the combustion source.‘Outlet

concentration’ refers to the PM concentration released from the APCD system through the stack

outlet.

• For each group of plants with the same parallel chain configuration, the plant with the

lowest outlet PM concentration, the “best performer”, is assumed to have a chain efficiency

equal to the theoretical maximum efficiency.

• The chain efficiencies of all other plants with the same parallel chain configuration are

estimated relative to the best performer, as follows

– The inlet concentration of the best performer is calculated based on the outlet concen-

tration and the theoretical maximum efficiency.

– For any given parallel chain, inlet concentration, outlet concentration, and APCD

chain efficiency relate as

OutletConcentration = InletConcentration× (1− E f fChain)

– The inlet concentration of all the other plants are assumed to be the same as that of

the best performer.

– Using this estimate of inlet concentration, and the measured outlet concentration, the

chain efficiencies of all the plants are estimated.
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– If plants have multiple parallel chains, each chain is assigned the same inlet concen-

tration and chain efficiency, but flow rates (i.e. the volume of air associated with that

parallel chain) are allowed to differ based on the combustion source capacity within

that chain. We then estimate chain efficiency as per the method above.

• For plants that are not part of any group of parallel chain configurations, we assume an

inlet concentration of 2000 mg/Nm3. The average inlet concentration, as determined by the

inlet sampling done in the survey for a subset of plants, was found to be 1750 mg/Nm3,

justifying this choice.

Estimating Baseline Individual APCD Efficiencies:

Although we know the maximum efficiency possible with each APCD type, it is difficult to

estimate the efficiency of the individual APCDs in every plant. As a result, we need to make a

few assumptions in apportioning the chain efficiency among its constituent APCDs. As a general

assumption, we assume that each constituent APCD in a given chain has the same efficiency,

bound above by the theoretical maximum for its type. As the efficiencies are multiplicative, the

common APCD efficiency would equal 1− (1− E f f chain)1/n, where n is the number of APCDs

in the parallel chain.

If the efficiency determined above exceeds the maximum theoretical efficiency of the APCD

type, the efficiency for that APCD is set at the maximum and the efficiencies of the other APCDs

are adjusted accordingly.

C.2.3 Plant-wise Abatement Costs for Each APCD

We combine the FICCI cost inputs with the estimated APCD efficiencies to estimate the capital,

operations, and maintenance costs associated with retrofitting particular APCDs or installing

new ones.

Costs to install new equipment: The costs of installing new APCDs to complement existing

pollution control measures are estimated based on combustion source capacity in the chain. Using

the FICCI cost inputs in Table C.3, we interpolate to estimate capital costs of new equipment for

each plant. The capital costs are then annualized over the lifetime of the equipment. The annual
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operations and maintenance costs of the equipment are taken to be 3% and 6% of the upfront

capital costs.

C.2.4 Summary of All Empirical Inputs to the Engineering Model

Table C.5: Empirical Inputs to the Engineering Model

Panel A: Direct Inputs Source:

Plant working hours Industrial plant survey

Stack outlet Suspended Industrial plant survey
Particulate Matter concentration

Stack outlet flow rate (volume of air from the stack) Industrial plant survey

Parallel chain configuration Industrial plant survey

Combustion source capacity for Industrial plant survey
each parallel chain

Capital costs of new APCDs FICCI
by combustion source capacity

Operation and maintenance costs as FICCI
a percentage of capital costs

APCD equipment lifetimes FICCI

APCD maximum collection efficiencies FICCI

Panel B: Estimated Inputs Estimation Method:

Annual SPM emitted from the plant at baseline Concentration*Flow Rate
*Working Hours

Capital costs of installing or retrofitting APCDs Described above

Operations costs of installing or retrofitting APCDs Described above

Maintenance costs of installing or retrofitting APCDs Described above

Baseline efficiency of APCDs Described above

Chain specific flow rate Stack flow rate *
(Chain combustion source capacity/
Stack combustionsource capacity)

Chain specific inlet concentration Described above
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Costs to retrofit existing equipment: Capital costs of retrofitting equipment are computed in

a similar manner as for the new equipment. Increase in operations and maintenance cost are

estimated as 3% and 6% respectively of the retrofit capital costs. However, instead of the full

capital costs, the retrofit capital cost is estimated as a function of the relative increase in efficiency

from baseline to ideal. Thus,

CapitalCostRetro f itik =
MaxE f fi − BaselineE f fik

MaxE f fi
× CapitalCostInstallik

Where for each APCD i in stack k, CapitalCostRetro f it is the capital cost of retrofitting the

equipment, MaxE f fi is the theoretical maximum collection efficiency, BaselineE f fik is the APCD

efficiency estimated based on the survey data, and CapitalCostInstall is the capital cost of

installing new equipment for that particular APCD i in that particular stack k.

C.2.5 Estimating Technology-Specific Costs and Abatement

As described in the body of the paper, a key feature of the model is technology selection as

follows:

Model Feature 1 - Selecting a Technology:

For each stack k the firm must choose technology t out of Tk choices (t = 1, 2, 3, . . . , Tk, t = 0

at baseline).

The firm can invest in new air pollution control devices (APCDs) or can retrofit and upgrade

existing APCDs. Each distinct and technologically feasible combination of APCD equipment

and quality is treated as a unique technology choice t. Firms can select abatement technologies

that are a combination of new APCDs and retrofits. Thus, if the firm choses to install a new bag

filter, that is one potential technology. If the firm chooses to upgrade the existing cyclone and

add a scrubber, that combination of abatement actions is a separate technology. Each technology

t, i.e. each discrete combination of abatement actions, yields a specific PM outlet concentration.

The Tk choices for stack k depend on the existing stack configuration, provided by the

baseline data. The model organizes this by letting every industry have combinations of APCDs

for up to two chains attached to each stack. Each parallel chain can have upto two cyclones, one

bag filter, one scrubber, and one electrostatic precipitator. Given baseline data on the existing
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parallel chain configuration and their efficiencies, the model calculates every combination of

installing new APCDs or retrofitting existing APCDs, to form the set of potential technologies

Tk.

Empirically Estimating Costs and Abatement for Each Technology

The number of technologies Tk available for each plant stack k depends on the parallel chain

configuration of the stack. As explained above, we do not incorporate upgrades to electrostatic

precipitators. If a stack already has an APCD installed, we assume that APCD can only be

retrofitted, and a new one cannot be purchased instead.

Thus, each parallel chain can have upto four APCD upgrades for the first cyclone, the second

cyclone, the bag filter, and the scrubber, where an ‘upgrade’ can be a new installation or a retrofit.

A stack with a single parallel chain can make up to 4 APCD upgrades, and a stack with two

parallel chains can make up to 8 APCD upgrades.

Every potential combination of APCD upgrades is an abatement technology. Thus single

chain stacks have Tk = 24 = 16 possible technologies, and two chain stacks have Tk = 28 = 256

possible technologies. Each technology is a combination of individual APCD upgrades.

We use our empirical estimates of individual APCD upgrade costs and benefits, for every

possible combination of APCD upgrades, to get costs and benefits for every possible technology.

C.3 Solutions to the Constrained Optimization Problems

C.3.1 Setting up the Solutions

The stack-level constrained optimization problems involve the marginal abatement cost

function and the stack emissions functions.

The marginal abatement cost function is

Ck(t, Frk) = CCk(t) + MCk(t, Frk) + OCk(t, Frk)

= CCk(t) + 1(Frk = 0) ∗ 0 + 1(Frk > 0) ∗ APCDAnnualMaintenanceCostk(t)

+ Workinghoursk ∗ Frk ∗ APCDHourlyOperatingCostsk(t)

The stack outlet concentration function is EmissionsConcentrationk(t)
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The stack annual emissions function is

AnnualEmissionsk(t, Frk)

= Workinghoursk ∗ [Frk ∗ HourlyEmissionsControlledk(t)

+ (1− Frk) ∗ HourlyEmissionsGeneratedk]

= Workinghoursk ∗ Frk ∗ HourlyEmissionsControlledk(t)

+ Workinghoursk ∗ (1− Frk) ∗ HourlyEmissionsGeneratedk

where

HourlyEmissionsControlledk(t)

= HourlyEmissionsGeneratedkChain1

∗ (1− APCDe f f iciencykChain1(t))

+ HourlyEmissionsGeneratedkChain2

∗ (1− APCDe f f iciencykChain2(t))

As technology t is a discrete variable, we empirically evaluate costs and emissions for every

potential value of t.

Conditional on t being constant, i.e. for a specific technology, the marginal abatement cost

function and stack emissions functions contain several functions of t that simplify to constants.

Let these be represented by specific letters as follows:

Table C.6: Functions that are Constant Conditional on Technology

Functions that are Constant Conditional on t Letter

CCk(t|t) A

APCDAnnualMaintenanceCostk(t|t) B

APCDHourlyOperatingCostsk(t|t) C

EmissionsConcentrationk(t|t) D

HourlyEmissionsControlledk(t|t) E

Additionally, certain variables are constant for a particular stack:

191



Table C.7: Functions that are Constant Conditional on Stack

Constants for a Given Stack k Letter

Workinghoursk F

HourlyEmissionsGeneratedk G

Thus, the marginal abatement cost function simplifies to

Ck(t, Frk|t) = A + 1(Frk = 0) ∗ 0 + 1(Frk > 0) ∗ B + F ∗ Frk ∗ C

= A + 1(Frk > 0) ∗ B + F ∗ Frk ∗ C

The stack emissions functions simplify to

EmissionsConcentrationk(t|t) = D

AnnualEmissionsk(t, Frk|t) = F ∗ Frk ∗ E + F ∗ (1− Frk) ∗ G

= Frk ∗ F ∗ E + F ∗ G− Frk ∗ F ∗ G

= Frk ∗ (F ∗ E− F ∗ G) + F ∗ G

C.3.2 Emissions Concentration Standard

Solving the emissions concentration standard problem:

Minimizet,Frk Ck(t, Frk)

subject to

1. EmissionConcentrationk(t) ≤ ConcentrationStandard

2. Frk = 1

replacing the constraint Frk = 1 into the cost function, this simplifies to

Minimizet,Frk |Frk=1CCk(t) + APCDAnnualMaintenanceCostk(t)

+ Workinghoursk ∗ APCDHourlyOperatingCostsk(t)

subject to

1. EmissionsConcentrationk(t) ≤ ConcentrationStandard
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As t is an discrete variable, we solve this empirically by evaluating every potential value of t.

Thus, the solution to the emissions concentration standard optimization problem is Fr∗k = 1,

t = t∗, which is the empirical solution to the above cost minimization problem.

C.3.3 Emissions Load Standard

Solving the emissions load standard problem:

Minimizet,Frk Ck(t, Frk)

subject to

1. AnnualEmissionsk(t, Frk) ≤ EmissionsPermitsk

As this function is discontinuous at Frk = 0, we analyze two cases.

Case 1: Frk = 0 This simplifies to

Minimizet,Frk |Frk=0CCk(t)

subject to

1. Workinghoursk ∗ HourlyEmissionsGeneratedk

≤ EmissionsPermitsk

And we solve for the optimal discrete value of t as the empirical solution to the above cost

minimization function.

Case 2: Frk > 0 Conditional on t, and thus replacing various functions of t with constants,

and including the boundary conditions for Frk, this simplifies to

MinimizeFrk A + B + Frk ∗ F ∗ C

subject to

1. Frk ∗ (F ∗ E− F ∗ G) + F ∗ G ≤ EmissionsPermitsk

2. Frkε(0, 1]

This problem can be solved using Lagrangian multipliers and Karush-Kuhn-Tucker conditions

for a constrained optimization problem with inequality constraints. The constraints can be

rewritten as three inequality constraints.

193



1. EmissionsPermitsk − Frk ∗ (F ∗ E− F ∗ G)− F ∗ G ≥ 0

2. Frk > 0

3. 1− Frk ≥ 0

Let the Lagrangian be written in a standard minimization form:

MinimizeFrk L(Frk, λ) = A + B + Frk ∗ F ∗ C

− λ1(EmissionsPermitsk − Frk ∗ (F ∗ E− F ∗ G)− F ∗ G)

− λ2(Frk)− λ3(1− Frk)

The Karush-Kuhn-Tucker conditions are as follows:

1.
∂L(Frk, λ1, λ2, λ3)

∂Frk
= F ∗ C− λ∗1(−)(F ∗ E− F ∗ G)− λ∗2 − λ∗3(−1) = 0

= F ∗ C + λ∗1(F ∗ E− F ∗ G)− λ∗2 + λ∗3 = 0

2a. EmissionsPermitsk − Fr∗k ∗ (F ∗ E− F ∗ G)− F ∗ G ≥ 0

2b. λ∗1 ≥ 0

2c. λ∗1(EmissionsPermitsk − Fr∗k ∗ (F ∗ E− F ∗ G)− F ∗ G) = 0

3a. Fr∗k ≥ 0

3b. λ∗2 ≥ 0

3c. λ∗2(Fr∗k ) = 0

4a. 1− Fr∗k ≥ 0

4b. λ∗3 ≥ 0

4c. λ∗3(1− Fr∗k ) = 0

However, we know that Frk > 0, and thus 3a., 3b., and 3c. simplify to λ∗2 = 0.

λ∗1 and λ∗3 can each take on the value = 0 or > 0, so there are four subcases to check given

Frk > 0 and λ∗2 = 0.

Let the four subcases of Case 2: Frk > 0 be Case 2.I., 2.II., 2.III., and 2.IV.

Case 2.I: λ∗1 = 0,λ∗2 = 0, λ∗3 = 0

Case 2.II: λ∗1 > 0,λ∗2 = 0, λ∗3 = 0
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Case 2.III: λ∗1 = 0,λ∗2 = 0, λ∗3 > 0

Case 2.IV: λ∗1 > 0,λ∗2 = 0, λ∗3 > 0

Case 2.I: λ∗1 = 0,λ∗2 = 0, λ∗3 = 0, so the complementary slackness conditions are

EmissionsPermitsk − Fr∗k ∗ (F ∗ E− F ∗ G)− F ∗ G ≥ 0, Fr∗k > 0, and 1− Fr∗k ≥ 0.

The first order condition is F ∗ C = 0, i.e.

Workinghoursk ∗ APCDHourlyOperatingCostsk(t) = 0

The inequality constraints are slack in this sub-case. Thus this sub-case can only be feasible

if empirically there are any situations where

Workinghoursk ∗ APCDHourlyOperatingCostsk(t) = 0.

Solution: Fr∗k > 0, λ∗1 = 0, λ∗2 = 0, λ∗3 = 0, feasible solution only if

Workinghoursk ∗ APCDHourlyOperatingCostsk(t) = 0.

Case 2.II. λ∗1 > 0,λ∗2 = 0, λ∗3 = 0, so the complementary slackness conditions are

EmissionsPermitsk − Fr∗k ∗ (F ∗ E− F ∗ G)− F ∗ G = 0, Fr∗k > 0, and 1− Fr∗k ≥ 0, i.e. the load

standard constraint is binding. The first order constraint is F ∗ C + λ∗1(F ∗ E− F ∗ G) = 0.

Solution: Fr∗k∗ =
EmissionsPermitsk−F∗G

F∗E−F∗G , λ∗1 = −F∗C
F∗E−F∗G , λ∗2 = 0, λ∗3 = 0.

Case 2.III. λ∗1 = 0,λ∗2 = 0, λ∗3 > 0, so the complementary slackness conditions are

EmissionsPermitsk − Fr∗k ∗ (F ∗ E− F ∗ G)− F ∗ G ≥ 0, Fr∗k > 0, and 1− Fr∗k = 0. The first order

condition is F ∗ C + λ∗3 = 0, and Fr∗k = 1.

Solution: Fr∗k∗ = 1, λ∗1 = 0, λ∗2 = 0, λ∗3 = −F ∗ C

Case 2.IV. λ∗1 > 0,λ∗2 = 0, λ∗3 > 0 so the complementary slackness conditions are

EmissionsPermitsk − Fr∗k ∗ (F ∗ E− F ∗ G)− F ∗ G = 0, Fr∗k > 0, and 1− Fr∗k = 0, i.e. the load

standard constraint is binding and Fr∗k = 1.

Solution: Fr∗k∗ = 1, λ∗1 > 0,λ∗2 = 0, λ∗3 > 0, this is a feasible solution only if

EmissionsPermitsk = F ∗ E
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Returning to the emissions load standard problem, we have

Minimizet,Frk Ck(t, Frk)

subject to

1. AnnualEmissionsk(t, Frk) ≤ EmissionsPermitsk

Using Karush-Kuhn-Tucker conditions, we find that conditional on t, Frk can have up to 5

potential solutions, given the inequality constraints. These five cases are summarized in the

tables below:

Table C.8: Karush-Kuhn-Tucker Solutions for the Emissions Load Standard Problem - Part I

Case Fr∗k Constraint Feasible if:

Case 1 0 Binding F ∗ G ≤ EmissionsPermitsk

Case 2.I. 0 < Fr∗k ≤ 1 Not binding F ∗ C = 0

Case 2.II. Fr∗k∗ =
EmissionsPermitsk−F∗G

F∗E−F∗G Binding NA

Case 2.III. Fr∗k = 1 Not binding NA

Case 2.IV. Fr∗k = 1 Binding EmissionsPermitsk = F ∗ E

Table C.9: Karush-Kuhn-Tucker Solutions for the Emissions Load Standard Problem - Part II

Case Fr∗k Cost function

Case 1 0 A

Case 2.I. F ∗ C = 0 A + B

Case 2.II. Fr∗k∗ =
EmissionsPermitsk−F∗G

F∗E−F∗G A + B + (EmissionsPermitsk−F∗G)∗F∗C
F∗E−F∗G

Case 2.III. Fr∗k = 1 A + B + F ∗ C

Case 2.IV. Fr∗k = 1 A + B + F ∗ C

Note that since B = APCDAnnualMaintenanceCostk(t|t) ≥ 0, Case 1. weakly dominates

Case 2.I.

To solve the emissions load standard problem, we empirically evaluate the costs and whether

the constraint is satisfied for each of these 5 cases of Frk, for every value of t.
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C.3.4 Cap and Trade

Solving the cap and trade problem:

Minimizet,Frk Ck(t, Frk) + Pr ∗ [AnnualEmissionsk(t, Frk)− EmissionsPermitsk]

For a given technology, conditional on t, this simplifies to:

MinimizeFrk A + 1(Frk > 0) ∗ B + F ∗ Frk ∗ C

+ Pr ∗ [Frk ∗ (F ∗ E− F ∗ G) + F ∗ G− EmissionsPermitsk]

Since this function is discontinuous at Frk = 0, we look at two cases.

Case 1. Fr∗k = 0, Cost= A + Pr ∗ [F ∗ G− EmissionsPermitsk]

In this solution, the firm keeps its own emissions uncontrolled and only buys permits as

needed.

Case 2. Fr∗k > 0 and Frk ≤ 1

MinimizeFrk A + B + F ∗ Frk ∗ C

+ Pr ∗ [Frk ∗ (F ∗ E− F ∗ G) + F ∗ G− EmissionsPermitsk]

subject to Frkε(0, 1]

This can be rewritten as a Lagrangian problem with inequality constraints and solved via

Karush-Kuhn-Tucker conditions. The two inequality constraints are 1. Frk > 0 and 2. 1− Frk ≥ 0.

The Lagrangian is written in a standard minimization form:

MinimizeFrk L(Frk, λ1, λ2) = A + B + Frk ∗ F ∗ C

+ Pr ∗ [Frk ∗ (F ∗ E− F ∗ G) + F ∗ G− EmissionsPermitsk]

− λ1(Frk)− λ2(1− Frk)
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The Karush-Kuhn-Tucker conditions are as follows:

1.
∂L(Frk, λ1, λ2)

∂Frk
= F ∗ C + Pr ∗ (F ∗ E− F ∗ G)− λ∗1 + λ∗2 = 0

2a. Fr∗k ≥ 0

2b. λ∗1 ≥ 0

2c. λ∗1(Fr∗k ) = 0

3a. 1− Fr∗k ≥ 0

3b. λ∗2 ≥ 0

3c. λ∗2(1− Fr∗k ) = 0

We know that Frk > 0, thus λ∗1 = 0. There are two remaining sub-cases.

Case 2.I. λ∗1 = 0, λ∗2 = 0, so the slack complementarity condition is 1− Fr∗k ≥ 0 and the first

order constraint is F ∗ C + Pr ∗ (F ∗ E− F ∗ G) = 0. This solution is only valid if this equation

holds empirically for a specific price Pr.

Solution:Fr∗k ε(0, 1], valid only if F ∗ C + Pr ∗ (F ∗ E− F ∗ G) = 0

Case 2.II. λ∗1 = 0, λ∗2 > 0 so the complementarity condition is binding at 1− Fr∗k = 0

Solution: Fr∗k = 1

Thus, using Karush-Kuhn-Tucker conditions, we find that conditional on t, Frk can have up

to 3 potential solutions, given the inequality constraints. These three cases are summarized in

the table below:

Table C.10: Karush-Kuhn-Tucker Solutions for the Cap and Trade Problem - Part I

Case Fr∗k Feasible solution if:

Case 1 0 NA

Case 2.I. 0 < Fr∗k ≤ 1 F ∗ C + Pr ∗ (F ∗ E− F ∗ G) = 0

Case 2.II. Fr∗k = 1 NA
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Table C.11: Karush-Kuhn-Tucker Solutions for the Cap and Trade Problem - Part II

Case Fr∗k Cost function

Case 1 0 A + Pr ∗ [F ∗ G− EmissionsPermitsk]

Case 2.I. 0 < Fr∗k ≤ 1 A + B + Pr ∗ [F ∗ G− EmissionsPermitsk]

Case 2.II. Fr∗k = 1 A + B + F ∗ C + Pr ∗ [F ∗ E− EmissionsPermitsk]

To solve the emissions trading scheme problem, we empirically evaluate the costs and whet-

her the constraint is satisfied for each of these three cases of Frk, for every value of t.

Market Equilibrium for Cap and Trade:

The aggregate emissions cap is ∑K
k EmissionsPermitsk , where K is the number of stacks in the

market. When the market is in equilibrium, aggregate supply of permits should equal aggregate

demand for permits. Thus the net sum of permits purchased by all stacks should equal zero

(given that it is a closed market and some stacks are sellers). Ideally in equilibrium

K

∑
k
[AnnualEmissionsk(t, Frk)− EmissionsPermitsk] = 0

In order to ensure that aggregate emissions are below the cap, it must be the case that the

net sum of purchases is negative, i.e. that there are more permits sold than bought.

Due to discontinuities in the cost curves for market participants, the condition that aggre-

gate supply of permits equals aggregate demand is rarely empirically satisfied, and thus the

equilibrium permit price is defined as the minimum permit price such that net sum of permit

purchases is negative. It is the solution to the following minimization problem.

MinimizePrPr

subject to

1.
K

∑
k
[AnnualEmissionsk(t, Frk)− EmissionsPermitsk] <= 0

Thus the equilibrium conditions for a cap and trade program are:

1. Pr = Pr∗, the solution to the above minimization problem
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2. tk = t∗k , Frk = Fr∗k ∀k , i.e. each firm is optimizing given the equilibrium permit price

3. ∑K
k AnnualEmissionsk(t, Frk) <= ∑K

k EmissionsPermitsk i.e. aggregate emissions are below

the aggregate emissions cap.

C.3.5 Emissions Tax

Solving the emissions tax problem: Each stack’s constrained optimization problem is

Minimizet,Frk Ck(t, Frk) + Tax ∗ AnnualEmissionsk(t, Frk)

For a given technology, conditional on t, this simplifies to:

MinimizeFrk A + 1(Frk > 0) ∗ B + Frk ∗ F ∗ C + Tax ∗ [Frk ∗ (F ∗ E− F ∗ G) + F ∗ G]

Since this function is discontinuous at Frk = 0, we consider two cases.

Case 1. Fr∗k = 0, Cost =A + Tax ∗ F ∗ G.

In this solution, the firm keeps its emissions uncontrolled and pays the resulting emissions tax.

Case 2. 0 < Frk ≤ 1

MinimizeFrk A + B + Frk ∗ F ∗ C + Tax ∗ [Frk ∗ (F ∗ E− F ∗ G) + F ∗ G]

subject to 0 < Frk ≤ 1

This can be rewritten as a Lagrangian with inequality constraints and solved via Karush-Kuhn-

Tucker conditions. The two inequality constraints are 1. Frk > 0 and 2. 1− Frk ≥ 0. The

Lagrangian is written in a standard minimization form:

MinimizeFrk L(Frk, λ1, λ2)A + B + Frk ∗ F ∗ C

+ Tax ∗ [Frk ∗ (F ∗ E− F ∗ G) + F ∗ G]

− λ1(Frk)− λ2(1− Frk)
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The Karush-Kuhn-Tucker conditions are as follows:

1.
∂L(Frk, λ1, λ2)

∂Frk
= F ∗ C + Tax ∗ (F ∗ E− F ∗ G)− λ∗1 + λ∗2 = 0

2a. Fr∗k ≥ 0

2b. λ∗1 ≥ 0

2c. λ∗1(Fr∗k ) = 0

3a. 1− Fr∗k ≥ 0

3b. λ∗2 ≥ 0

3c. λ∗2(1− Fr∗k ) = 0

We know that Frk > 0, thus λ∗1 = 0. There are two remaining sub-cases.

Case 2.I. λ∗1 = 0, λ∗2 = 0, so the slack complementarity condition is 1− Fr∗k ≥ 0 and the first

order constraint is F ∗ C + Tax ∗ (F ∗ E− F ∗ G) = 0. This solution is only valid if this equation

holds empirically for a specific tax Tax.

Solution:Fr∗k ε(0, 1], valid only if F ∗ C + Tax ∗ (F ∗ E− F ∗ G) = 0

Case 2.II. λ∗1 = 0, λ∗2 > 0 so the complementarity condition is binding at 1− Fr∗k = 0

Solution: Fr∗k = 1

Thus, using Karush-Kuhn-Tucker conditions, we find that conditional on t, Frk can have up

to 3 potential solutions, given the inequality constraints. These three cases are summarized in

the table below. Note that since B = APCDAnnualMaintenanceCostk(t|t) ≥ 0, Case 1. weakly

dominates Case 2.I.

Table C.12: Karush-Kuhn-Tucker Solutions for the Emissions Tax Problem

Case Fr∗k Feasible solution if: Cost function

Case 1 0 NA A + Tax ∗ F ∗ G

Case 2.I. 0 < Fr∗k ≤ 1 F ∗ C + Tax ∗ (F ∗ E− F ∗ G) = 0 A + B + Tax ∗ F ∗ G

Case 2.II. Fr∗k = 1 NA A + B + F ∗ C + Tax ∗ F ∗ E

To solve the emissions tax problem, we empirically evaluate the costs and whether the

constraint is satisfied for each of these 3 cases of Frk, for every value of t.
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