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Abstract

This thesis combines both empirical and theoretical methods in three separate studies ex-

ploring the wider impacts of residential energy efficiency improvements on UK property

markets. Data from Energy Performance Certificates (EPCs) are merged with property

transactions to assess the drivers of such improvements and the response of property prices

and household location decisions. I adopt spatial techniques to answer a set of policy-

relevant questions. From the Net Zero transition arises a set of ambitious goals. As cities

worldwide adapt to these, there has never been a more important time to understand the

impacts on urban property markets.

Chapter two employs a novel instrumental variable approach to explore how improvements

are capitalised into property prices. An alternate measure of improvement is proposed that

measures the difference between a property’s current and potential efficiency – termed as

unrealised efficiency. Capturing the future benefits of improvements, I show that buyers

value improvements undertaken by previous owners considerably more than undertaking

their own.

Chapter three explores the role of neighbourhood effects in explaining why households

undertake improvements. Neighbourhood effects mechanise how households learn from

and imitate the behaviour of their neighbours. Leveraging a spatial regression discon-

tinuity design, I assess whether buyers delineate between energy-efficient and inefficient

neighbourhoods using information reported in property listing adverts. Buyers with pref-

erences for energy efficiency select into these neighbourhoods. Using years of exposure

to selecting households as an instrument, I show that the neighbourhood effect induces

improvements among incumbent households.

Chapter four rationalises this with a theoretical model comprising two mutually exclu-

sive groups of households – movers and never movers. Neighbourhood effects increase

investment demand which increases property prices in equilibrium. Never movers take
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investment decisions on the back of investments made by movers, highlighting that neigh-

bourhood effects arise exclusively in the most-efficient neighbourhoods.

ii



Acknowledgements

There are many people I would like to thank for their help along way.

Firstly, my supervisors, Enrico Vanino and Alberto Montagnoli. None of this would have

been possible without their advice and guidance. Thank you for your support throughout

what has, at times, felt like a very long journey. I thank you greatly for all you’ve done

for me both personally and professionally. I will never forget it.

I would also like to thank the School of Economics for believing in me and my research

project, and for providing me the scholarship to complete it. I thank everybody for their

time and effort in shaping me and my research for the next step. In particular, I’d like

to thank Jesse Matheson, Antonio Navas, Panos Nanos, Andrew Burlinson, and Jolian

McHardy for their extensive feedback. A huge shoutout also to the members of the SUITE

research group for the many fun and interesting research meetings that I will truly miss.

To my friends and fellow PhD students that I’ve met along the way, it’s been a pleasure.

Adriana, Michael, Maria, Argyris, Shiwen; PhDs can be a lonely business, but with you

guys, there was never a dull moment. Thank you for being you. I must give a shoutout

to two other special individuals, Lucy Ward and Andrew Bryce, for their unwavering

friendship and support.

Finally, I would like to express my upmost gratitude to my family. My mother, Elaine,

my father, Iain, and my sister, Sarah, for their support of my development; their sacrifices

to get me here; and their love to guide me through. I consider myself very lucky to call

them my family. Without them, I dare hazard a guess where life would’ve taken me. And

to my uncles, John and David, my intellectual role models growing up, I thank you for

inspiring the curiosity I still carry with me to this day.

iii



Contents

List of Figures ix

List of Tables x

1 Introduction xi

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xi

1.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xii

1.3 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiii

1.3.1 Chapter 2: Pricing Potential: Understanding the Value of Unre-

alised Energy Efficiency . . . . . . . . . . . . . . . . . . . . . . . . xiv

1.3.2 Chapter 3: Neighbourhood Effects in the Market for Energy Effi-

cient Housing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xv

1.3.3 Chapter 4: Household Location and Investment Decisions Under

Neighbourhood Effects: A Theoretical Approach . . . . . . . . . . . xvi

2 Pricing Potential: Understanding the Value of Unrealised

Energy Efficiency 1

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

2.2 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2.1 Underinvestment in Residential Energy Efficiency . . . . . . . . . . 6

2.2.2 Returns to Investment . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2.3 Heterogeneity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.3 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.3.1 Measuring Energy Efficiency . . . . . . . . . . . . . . . . . . . . . . 16

2.3.2 Changes in the Standard Assessment Procedure in 2012 . . . . . . . 17

2.4 Empirical Strategy and Results . . . . . . . . . . . . . . . . . . . . 32

2.4.1 A Fixed Effect Approach to Estimating Current and Unrealised

Capitalisation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.4.2 A Two Stage Least Squares Approach to Estimating Unrealised

Capitalisation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

2.5 Heterogeneity Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 48

iv



2.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

A Appendix 63

3 Neighbourhood Effects in the Market for Energy Efficient

Housing 70

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

3.2 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

3.2.1 Underinvestment in Energy Efficiency: Poor Energy Savings . . . . 75

3.2.2 Underinvestment in Energy Efficiency: Asymmetric Information . . 78

3.2.3 Peer Effects and Individual Behavioural . . . . . . . . . . . . . . . 83

3.2.4 Capitalisation of Energy Efficiency Improvements . . . . . . . . . . 87

3.3 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

3.3.1 Energy Performance Certificates Policy . . . . . . . . . . . . . . . . 90

3.3.2 Dataset Used to Define Clusters . . . . . . . . . . . . . . . . . . . . 91

3.3.3 Defining Energy Efficient Clusters . . . . . . . . . . . . . . . . . . . 91

3.3.4 Summary Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

3.3.5 Identification of Neighbourhood Effects . . . . . . . . . . . . . . . . 101

3.3.6 Discontinuities in Price . . . . . . . . . . . . . . . . . . . . . . . . . 103

3.4 Empirical Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

3.4.1 Identifying a Premium . . . . . . . . . . . . . . . . . . . . . . . . . 104

3.4.2 Premium Estimates . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

3.4.3 Robustness Checks . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

3.5 Mechanisms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

3.5.1 Identifying Premium Timing . . . . . . . . . . . . . . . . . . . . . . 118

3.5.2 Premium Timing Estimates . . . . . . . . . . . . . . . . . . . . . . 121

3.5.3 Identifying Returns to Improvements . . . . . . . . . . . . . . . . . 122

3.5.4 Returns to Improvements Estimates . . . . . . . . . . . . . . . . . . 127

3.5.5 Identifying neighbourhood Effects . . . . . . . . . . . . . . . . . . . 130

3.5.6 Neighbourhood Effects Estimates . . . . . . . . . . . . . . . . . . . 130

3.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132

v



B Appendix 135

B Further Technical Information . . . . . . . . . . . . . . . . . . . . . 135

B.1 Merging Energy Efficiency and Property Price Data . . . . . . . . . 135

B.2 Redefining Clusters Within Borough . . . . . . . . . . . . . . . . . 135

B.3 Intensive Margin Estimates . . . . . . . . . . . . . . . . . . . . . . 139

4 Household Location and Investment Decisions Under Neigh-

bourhood Effects: A Theoretical Approach 160

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

4.2 Stylised Facts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165

4.2.1 #1: Moderately Efficient Neighbourhoods Have Investment Potential166

4.2.2 #2: Investment is Driven by Preferences and Potential . . . . . . . 168

4.2.3 #3: Energy Efficiency and Investment Potential Draw Higher Prices 171

4.2.4 #4: Property Prices Reflect Higher Levels of Investment . . . . . . 172

4.3 Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177

4.3.1 Movers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177

4.3.2 Investment Services . . . . . . . . . . . . . . . . . . . . . . . . . . . 181

4.3.3 Goods Production . . . . . . . . . . . . . . . . . . . . . . . . . . . 185

4.3.4 Housing and Investment Demand . . . . . . . . . . . . . . . . . . . 186

4.3.5 Characterising Equilibrium . . . . . . . . . . . . . . . . . . . . . . . 190

4.3.6 Never Movers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 195

4.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 199

4.5 Derivations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 202

4.5.1 Household Demand Functions . . . . . . . . . . . . . . . . . . . . . 202

4.5.2 Rewriting Investment Demand . . . . . . . . . . . . . . . . . . . . . 203

4.5.3 Deriving the Supply of Investment Services . . . . . . . . . . . . . . 203

4.5.4 Deriving the Equilibrium Price of Investment Services Inputs . . . . 205

4.5.5 Deriving the Change in Equilibrium Property Prices . . . . . . . . . 205

4.5.6 Characterising Equilibrium: Investment Services Price . . . . . . . 207

4.5.7 Characterising Equilibrium: Property Price . . . . . . . . . . . . . 208

4.5.8 Characterising Equilibrium: Investment Services . . . . . . . . . . . 209

vi



4.5.9 Non-Movers’ Demand for Investment Services . . . . . . . . . . . . 211

5 Conclusion 216

5.1 Summary of the Findings . . . . . . . . . . . . . . . . . . . . . . . 217

5.2 Policy Implications . . . . . . . . . . . . . . . . . . . . . . . . . . . 219

5.3 Limitations and Future Research . . . . . . . . . . . . . . . . . . . 220

Bibliography 237

vii



List of Figures

2.1 Mean Energy Efficiency Score by EPC Inspection Year . . . . . . . . . . . 19

2.2 Mean Energy Efficiency Score by EPC Inspection Year . . . . . . . . . . . 26

2.3 Continuous Energy Ratings Distribution . . . . . . . . . . . . . . . . . . . 28

2.4 Energy Ratings Distribution . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.5 Energy Ratings Distribution . . . . . . . . . . . . . . . . . . . . . . . . . . 30

2.6 Capitalisation by Distance From Potential Rating Band . . . . . . . . . . . 54

2.7 Capitalisation by Distance From Potential Rating Band . . . . . . . . . . . 56

2.8 Capitalisation by Distance From Potential Rating Band . . . . . . . . . . . 58

A.1 Typical Format Energy Performance Certificate . . . . . . . . . . . . . . . 63

A.2 Share of EPC Inspections by Year . . . . . . . . . . . . . . . . . . . . . . . 64

A.3 Potential Efficiency Scores by EPC Inspection Year and Tenure . . . . . . 65

3.1 Getis-Ord Analysis of Property Listings: London TTWA 2012 . . . . . . . 95

3.2 Highly- and Poorly-Energy-Efficient Clusters: London TTWA 2012 . . . . 97

3.3 The Distribution of Energy Ratings at the Border . . . . . . . . . . . . . . 100

3.4 Price Discontinuity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

3.5 Efficient Clusters Across All Years: Sale vs No Sale . . . . . . . . . . . . . 109

3.6 Event Study Estimates of the Price Premium by Period . . . . . . . . . . . 122

3.7 Probability of Upgrading at the Border By Household Type . . . . . . . . 125

B.1 Efficient Clusters in Islington, London: All Years . . . . . . . . . . . . . . 137

B.2 Efficient Clusters and Administrative Boundaries . . . . . . . . . . . . . . 143

B.3 The Distribution of Energy Ratings at the Border: No Sale Clusters . . . . 143

B.4 Rightmove Neighbourhood Definition . . . . . . . . . . . . . . . . . . . . . 144

B.5 Example Energy Performance Certificate . . . . . . . . . . . . . . . . . . . 145

B.6 Typical Energy Efficiency Rating Distribution . . . . . . . . . . . . . . . . 146

B.7 Example Property Listing Advert from Rightmove . . . . . . . . . . . . . . 147

B.8 Average Property Prices: London vs UK . . . . . . . . . . . . . . . . . . . 148

B.9 Defining The Spatial Extent of Efficient Clusters . . . . . . . . . . . . . . . 149

B.10 Time Periods Defined in the Event Study . . . . . . . . . . . . . . . . . . . 150

B.11 Construction of the Event Study Control Group . . . . . . . . . . . . . . . 151

viii



B.12 Property Prices in Efficient Clusters Relative to the Treatment Period . . . 152

B.13 Event Study Robustness Checks . . . . . . . . . . . . . . . . . . . . . . . . 152

B.14 Properties by Built-Form by Treatment Status . . . . . . . . . . . . . . . . 153

B.15 Properties by Built-Form by Treatment Status – No Sale . . . . . . . . . . 153

B.16 Properties by Age of Construction by Treatment Status . . . . . . . . . . . 154

B.17 Properties by Age of Construction by Treatment Status – No Sale . . . . . 154

B.18 Balancing of Neighbourhood Covariates at Cluster Border . . . . . . . . . 155

4.1 Investment Potential by Neighbourhood . . . . . . . . . . . . . . . . . . . 167

4.2 Energy Efficiency by Neighbourhood: London TTWA . . . . . . . . . . . . 168

4.3 Investment Expenditure by Neighbourhood: London TTWA . . . . . . . . 169

4.4 Investment Potential and Expenditure by Neighbourhood: London TTWA 170

4.5 Energy Efficiency Among Priciest Neighbourhoods: London TTWA . . . . 171

4.6 Investment Expenditure and Property Prices (2009-2019): London TTWA 173

ix



List of Tables

2.1 Recommendations by Category . . . . . . . . . . . . . . . . . . . . . . . . 20

2.2 Change in Potential by Recommendation Type . . . . . . . . . . . . . . . . 22

2.3 Change in Potential: Marginal Effects . . . . . . . . . . . . . . . . . . . . . 23

2.4 Average Change Between EPC Inspections . . . . . . . . . . . . . . . . . . 27

2.5 Summary Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

2.6 Fixed Effects: Current Capitalisation . . . . . . . . . . . . . . . . . . . . . 37

2.7 Instrument Exclusion Tests . . . . . . . . . . . . . . . . . . . . . . . . . . 43

2.8 Unrealised Efficiency Capitalisation: 2SLS Results . . . . . . . . . . . . . . 45

2.9 Unrealised Efficiency Capitalisation: Standardised 2SLS Results . . . . . . 47

2.10 Unrealised Capitalisation by Recommendation Costs . . . . . . . . . . . . 50

A.1 Full Results – Change in Potential by Recommendation Type . . . . . . . 66

A.2 Full Results – Fixed Effects: Unrealised Capitalisation . . . . . . . . . . . 67

A.3 Full Results – Instrument Exclusion Tests . . . . . . . . . . . . . . . . . . 67

A.4 Unrealised Efficiency Capitalisation: 2SLS Results . . . . . . . . . . . . . . 68

A.5 Full Results – Unrealised Efficiency Capitalisation: 2SLS Results . . . . . . 69

3.1 Balancing Test at the Border of Efficient Clusters . . . . . . . . . . . . . . 98

3.2 Estimates of the Price Premium for Efficient Clusters . . . . . . . . . . . . 113

3.3 Placebo Test Estimates of the Price Premium for Efficient Clusters . . . . 115

3.4 Apartments: Estimates of the Price Premium for Efficient Clusters . . . . 117

3.5 2SLS Estimates of Exposure to Clusters on Property Prices . . . . . . . . . 128

3.6 First Stage IV Estimates of Neighbourhood Effects in Improvements . . . . 131

B.1 Estimates of the Price Premium for the Redefined Efficient Clusters . . . . 138

B.2 Estimates of the Strength of Spatial Relationships on Prices . . . . . . . . 142

B.3 Balancing Test at the Border of Efficient Clusters: No Sale . . . . . . . . . 156

B.4 Estimates of the Strength of Spatial Relationships on Prices . . . . . . . . 157

B.5 Estimates of the Price Premium for Efficient Clusters with Unrealised Ef-

ficiency . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

B.6 Changes in Unrealised Efficiency on Prices – Whole Sample . . . . . . . . . 159

4.1 Drivers of Investment Expenditure and Property Prices . . . . . . . . . . . 175

x



1 Introduction

1.1 Motivation

As climate events become more frequent and severe, improving and adapting the residen-

tial stock should be high on the global agenda. Recent data out of the UK demonstrates

the need for action, as built environments now account for 20% of national greenhouse

gas emissions – 65% of which came from fuel combustion in residential settings alone

(The Department of Business, Energy and Industrial Strategy, 2025). Mass retrofitting is

required to lower the sector’s carbon footprint and the impact of future climate events.

Improving the energy efficiency of our homes in the short-term is important to lower our

use of polluting energy sources, but households also benefit from improved thermal com-

fort. Yet, research in this field finds that the uptake of residential energy investments are

far lower than required and point to a number of reasons why: non-monetary costs arising

from bureaucracy (Fowlie et al., 2015); poor financial returns to investment (Allcott and

Greenstone, 2012); and uncertainties around future energy prices and asymmetric infor-

mation of energy savings (Jaffe and Stavins, 1994). To pin down the drivers of energy

efficiency investments and understand why uptake is low is to solve the very important

problem of excessive carbon emissions.

Poor uptake is not just a UK phenomenon. Estimates from the European Union find

that only 25% of individuals aged over 16 live in properties that have undertaken energy

efficiency improvements in the last five years – ranging from as high as 59% in the Nether-

lands to as low as 8% in Malta (Eurostat, 2024). High levels of inequality exist across

the continent, which is problematic for all. Carbon emissions possess the properties of a

non-excludable good, in that emissions created in one country are transferred to others

via atmospheric conditions (in a similar way to that outlined in Heblich et al., 2021). Poor

levels of residential retrofitting affect all countries simultaneously. Hitting the breaks on

climate change cannot be achieved without consensus and collective action.

However, the UK faces a significant barrier in that it has some of the oldest housing stock
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on average across Europe. Homes built prior to the end of WWII comprise 38% of the

stock – the highest across Europe. Furthermore, a larger-than-average 15% of all homes

fail to meet the decent homes standard (Eurostat, 2023). Older, poorer quality housing

threatens to increase the costs of retrofitting across the board and pile further pressure on

the returns to such improvements. In recognition of this, a number of schemes have been

implemented by previous governments in an attempt to counteract poor financial returns.

The Warm Front Scheme was the first of its kind. Running between 2000 to 2013, the

scheme helped vulnerable and fuel-poor households to install energy efficiency measures

such as heating and insulation by way of a government grant. During its operation, 2.3m

households (11% of all households) received assistance ranging between £3,500-£6,000 in

value (UK Parliament, 2013). The scheme was subsequently de-funded and replaced by

the Green Deal which was provided by energy companies. Households were granted loans

– repayable through their utility bills – to make energy efficiency improvements. The

change in structure led to poor take up and the scheme was soon removed. Subsequent

funding commitments have been made by ruling political parties with most efforts and

finances decentralised to district governments. The drop-off in uptake with the introduc-

tion of private financing provides a stark message – that the returns to making energy

efficiency improvements either do not exist, or are not common knowledge to households.

By combining robust empirical analysis with theoretical modelling, I aim to assess this

landscape to understand whether households really do value energy efficiency improve-

ments, what specifically they value, and whether this influences the uptake of improve-

ments. Too much of the literature focuses on the bigger picture of capitalisation without

much recognition of the mechanisms driving it. In what is to follow, I set out the institu-

tional background guiding the residential energy efficiency framework in the UK. I then

provide an overview of each of the three chapters.

1.2 Background

The barometer for energy efficiency in the UK comes in the form of Energy Performance

Certificates (EPC). By law, properties that wish to sell on the market must be in pos-
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session of a certificate that provides detailed information regarding a property’s char-

acteristics, including its structural quality, energy costs, energy consumption and energy

efficiency. Energy efficiency scores are calculated in accordance with the Standard Assess-

ment Procedure (SAP). The SAP works by estimating energy consumption – accounting

for property characteristics like size, age and so on – from which a measure of energy

cost is obtained. This measures the energy requirement per m2 of floor area which is

then charted on a scale from 0-100 to form a property’s energy efficiency score, with zero

being the lowest and one-hundred being the highest. Energy efficiency scores are there-

fore calculated on the basis of a property’s energy requirement measured through its cost.

Criticisms of this method arise from the fact that ’efficiency’ in a tangible sense does not

factor into the measure, that it’s more a measure of energy usage. Controversy over the

SAP has seen its revision over the years. Introduced in 1998, updates have taken place in

2001, 2005, 2009, 2012 and most recently in 2022. The introduction of the 2009 update

coincided with new Energy Performance of Buildings regulation (2008) introduced in the

UK that made it a legal requirement for households to acquire an up-to-date EPC prior

to selling a property. This piece of legislation was required under EU law with the aim

of increasing transparency in the selling process, as buyers are supplied with the certifi-

cate upon transacting. As a by-product, EPCs also create a signal of quality which was

intended to incentivise households to make energy efficiency improvements. To comply

with the requirements, households wishing to sell a property must be in receipt of an EPC

that was issued no more than ten years age. Those not wishing to sell are not obliged to

acquire an EPC. Importantly for this thesis, popular property search portals began dis-

playing energy efficiency scores within property listing adverts in 2010 to provide buyers

with up-to-date property information. The accessibility of this information makes it a

well understood phenomenon for buyers across the UK.

1.3 Thesis Structure

The thesis contains two empirical studies presented in chapters two and three, and one

theoretical study presented in chapter four. Both empirical chapters exploit property-level

data for the period 2009-2019. I provide an outline and a summary of the findings from
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each chapter below. Concluding remarks are presented in Chapter five.

1.3.1 Chapter 2: Pricing Potential: Understanding the Value of Unrealised

Energy Efficiency

In this chapter I explore how energy efficiency improvements are capitalised into prop-

erty prices by proposing a new approach. The literature predominantly estimates how

changes in current energy efficiency scores are capitalised into property prices. I argue

that this approach is restrictive and fails to capture heterogeneous capitalisation rates

originating from differences in potential energy efficiency scores between properties. En-

ergy efficiency in the present matters, but property bids on those with greater investment

potential will likely differ from those with with limited potential. I therefore propose a

new measure which I term unrealised efficiency. This captures the difference between a

property’s current and potential energy efficiency score. Changes in the Standard As-

sessment Procedure (SAP) – used to calculate energy efficiency scores – in 2012 created

a discontinuous increase in potential efficiency scores, creating a proportional increase

in unrealised efficiency scores. I circumvent endogeneity issues arising from unobserved

property quality by exploiting this change in an IV-RDD approach to estimate how un-

realised efficiency is capitalised into property prices. Doing so captures only the change

in unrealised efficiency arising from the change in SAP, not from unobserved aesthetic

improvements. While the current capitalisation rate captures how buyers value improve-

ments made by previous owners, the unrealised capitalisation rate captures how buyers

value making their own improvements – providing an estimate of the value buyers place

on future energy efficiency.

Three key findings arise from the chapter. Firstly, the capitalisation of unrealised effi-

ciency improvements into prices is around 9x smaller in magnitude compared with current

efficiency. The unrealised capitalisation rate is estimated at -0.15% compared with 1.3%

for current efficiency; whereby the former represents a price discount following a 10%

increase in the unrealised efficiency score. Buyers then pay a premium for improvements

already installed, but do not discount their property bids at the same rate when required
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to install the improvement themselves – pointing to an undervaluation of the benefits

and under-adoption of retrofitting. Secondly, I show that price discounts are greater for

more invasive improvements that require a household to adapt their daily lives during

installation. Buyers dislike the interruption in lifestyle and require greater compensation

to undertake the improvements. Such improvements are less likely to be undertaken. Fi-

nally, while potential efficiency is capitalised into prices, it is the distance from potential

that really matters. Distance matters for reasons related to uncertainty. Being too close

to achieving potential limits the financial returns to improvements, while being too far

from potential increases the number of improvements required (producing a disincentive)

and the uncertainty of financial return. Potential therefore matters, only so long as it is

attainable.

1.3.2 Chapter 3: Neighbourhood Effects in the Market for Energy Efficient

Housing

Building on the previous chapter, and given the limited spatial evidence within the field, I

argue that heterogeneous capitalisation rates across space lead to the emergence of neigh-

bourhood effects in home improvements as buyers chase returns on their investment. It

seems reasonable to think that certain neighbourhoods deliver greater investment returns.

I test two hypotheses as potential explanations: i) that neighbourhoods with a high pro-

portion of energy-efficient properties signal greater potential returns to investment, and

ii) that buyers with preferences for residential energy efficiency can observe these neigh-

bourhoods and choose to select into them. I test these two hypotheses by leveraging data

from property listing adverts across the London Travel To Work Area (TTWA). These

data are used to identify property’s listed on the market in any given year. Using these

properties, I employ an algorithm to identify clusters of properties with high energy-

efficiency scores which deviate from the average for the area. These property clusters are

spatially bounded to create a border which I then exploit to estimate discontinuities in

property prices. Property clusters are created by exploiting random variation in listings

and are exogenous in size and location. I then exploit these in an IV strategy to esti-

mate neighbourhood effects in energy efficiency improvements arising from the exposure
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of incumbent households (existing residents) to buyers that choose to reside within these

property clusters. I argue that it is exposure over time to these individuals that shape

household preferences.

Findings from the chapter highlight a positive price discontinuity, suggesting i) that buy-

ers are attentive to neighbourhood energy efficiency scores, and ii) that this premium

ought reflect a perceived benefit to residing within such clusters. I show that this pre-

mium reflects a higher expected return on property investments in the area as buyers pay

more for properties of poorer quality. This creates two mutually exclusive groups: those

selecting into efficient clusters, and incumbent households. I then show that, while the

property clusters themselves provide intrinsic value to selecting households, subsequent

buyers are actually paying for the upgrades made by this group. In other words, re-

turns to residence within efficient clusters becomes insignificant and are partialled out by

the returns from improvements. Finally, I show that exposure to these property clusters

over time and the churn of selecting households within them induces a greater uptake

of energy efficiency improvement among incumbent households through neighbourhood

effects. Retrofitting activity is encouraged by households with such preferences, is driven

by reporting of energy efficiency characteristics within listings, and that the effects are

very localised.

1.3.3 Chapter 4: Household Location and Investment Decisions Under Neigh-

bourhood Effects: A Theoretical Approach

In this chapter I develop a simple theoretical model that explains the mechanisms iden-

tified in chapter three – specifically, the finding that buyers pay a premium to locate in

neighbourhoods with higher expected returns to investment, and that exposure to this

group increases the likelihood of wider home improvements. The model is comprised of two

mutually elusive groups: movers, defined as those searching for property, and non-movers,

which constitute the incumbent households introduced in the previous chapter. Movers

gain utility from consuming a numeraire good, housing and investment services used to

upgrade their property. Preferences follow a Stone-Geary functional form in that each
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mover must obtain a minimum requirement of housing to survive. Movers also face an in-

vestment incentive determined by the energy efficiency and preferences of the wider neigh-

bourhood which is allowed to differ by household on the basis of household’s attentiveness

to energy efficiency scores. I model this such that higher levels of energy efficiency crowd

out investment in the most-efficient neighbourhoods owing to lesser investment potential.

Given the preference structure, this term enters the demand functions of the consumption

goods/services. This allows me to express property prices in terms of investment demand

and the neighbourhood’s energy efficiency (which acts as the neighbourhood effect facing

movers from the previous chapter). I then turn my attention to modelling the response

of incumbent households to more investment activity locally. Non-movers are exposed to

investments made by movers (which acts as the neighbourhood effect facing non-movers).

Exposure to this activity enters their utility function through a variable that captures the

spatially weighted investment expenditure undertaken by movers, which was modelled

previously. Preferences of non-movers follow a Cobb-Douglas utility function and range

over consumption of a numeraire good and investment services (housing is already chosen).

Solving the model returns three interesting findings. Firstly, the investment demand of

movers is greater in more energy-efficient neighbourhoods. Solving the model for the

equilibrium consumption of investment services makes it a function of the neighbourhood

effect that increases (decreases) the investment undertaken in the most-efficient (inef-

ficient) neighbourhoods. The model enforces households to conform to the investment

level of their chosen neighbourhood, but it is in the most-efficient neighbourhoods that

investments beyond this level are undertaken. Secondly, property prices are shown to be

a function of this neighbourhood effect and the household’s demand for investment ser-

vices. Households increase their property bids i) for the most efficient neighbourhoods and

ii) when they demand investment services beyond those required to conform with their

chosen neighbourhood. Greater demand for investment in these neighbourhoods comes

from the fact that buyers chase higher returns, meaning they bid more in expectation

of profiteering. Finally, I show that exposure to a greater number of energy efficiency

improvements locally increases the demand for investment among non-movers. Similar
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to before, this enters the model as a neighbourhood effect which dictates the demand for

investment services after observing those consumed by movers.
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Chapter 2: Pricing Potential: Understanding the Value

of Unrealised Energy Efficiency

2.1 Introduction

In the pursuit of ambitious Net Zero targets, economies the world over are rethinking

the way they produce and consume energy in efforts to reduce carbon emissions. The

residential sector has an important role to play in these efforts. Recent estimates from

the UK show that built environments account for 20% of total greenhouse gas emissions,

from which 65% are produced in residential settings (The Department of Business, En-

ergy and Industrial Strategy, 2025). This looks unlikely to fall in the medium-term as the

shift to home-working following the Covid-19 pandemic has transferred energy-use from

highly-retrofitted office settings to poorly insulated residential environments – increasing

both the energy consumed and carbon emitted.1 Increasing energy-use at home high-

lights the need to reignite the debate into housing retrofit and the challenges threatening

its mass uptake. The UK government recognises the need for action, legislating stricter

energy efficiency standards in the rental sector and rolling out subsidy programmes to

incentivise home improvements.2 While this reflects progress, other barriers to uptake

remain unaddressed, such as underutilised financing options and uncertainty around the

financial returns to investment. This leaves homeowners facing a trade-off: accumulate

savings to protect against the rising cost of living (short-term), or invest in improving

their property’s energy efficiency to reduce energy bills (long-term). Such a decision calls

into question the myopia of households and whether or not they take measures to future-

proof their homes.

Research into myopia and the value buyers place on future-proofing their homes is limited.

Studies primarily focus on the capitalisation of current efficiency into property prices, cap-

turing only how buyers value energy efficiency in the present and neglecting heterogeneity

1For EPCs submitted in 2011, just 36% of commercial buildings had an energy rating between A+
and C. In 2021, this stood at 55% Department for Levelling Up et al., (2022).

2Legislation now requires newly rented properties to rated at least a C by 2035, with schemes such
as the Green Deal implemented to subsidise improvements The Department of Business and Strategy,
(2020)
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with regards to a property’s investment potential.3 This chapter proposes a new approach

to measuring capitalisation by calculating the difference between a property’s current and

potential energy efficiency score. This measure defines the energy efficiency that is attain-

able, but not yet realised by the household. I refer to this hereafter as unrealised efficiency.

Exploiting unrealised efficiency allows me to explore how buyers value energy efficiency

improvements in the future – providing direct comparison with how buyers value energy

efficiency in the present. I deviate from the traditional repeated sales approach used in the

literature because of its inability to control for the correlation between aesthetic property

improvements, energy efficiency scores, and property price.4 Furthermore, the approach

makes it difficult to identify exogenous variation in unrealised efficiency scores.5 I instead

adopt a novel instrumental variable approach that exploits changes in the Standard As-

sessment Procedure (SAP) methodology. The SAP sets out the approach to calculating

energy efficiency scores by converting information on energy usage into energy cost that

translates into a measure of efficiency. Changes in the methodology in 2012 gave rise to

a set of new improvements recommended by assessing engineers at the time of an EPC,

which subsequently created a positive discontinuity in potential efficiency scores. Using a

panel dataset on energy efficiency characteristics drawn from property transactions across

the UK between 2009-2019, I instrument for unrealised efficiency using the change in SAP

methodology. Identification comes from properties requesting EPCs either side of 2012,

and hinges on two unique features of the data: i) there are no changes in current efficiency

scores around the time, isolating change in unrealised efficiency to changes in potential

alone, and ii) changes in potential efficiency scores after the SAP do not correspond to

changes in unobserved property quality. Both features ensure that changes in potential

efficiency are exogenous, creating a signal to the market that is unrelated to underlying

changes in property quality. Estimates from this specification are supported by robustness

checks and heterogeneity analyses that prescribe capitalisation to changes in the cost of

implementing recommended improvements.

3See Fuerst et al., 2015; Aydin et al., 2020; Deng et al., 2012; Cajias and Piazolo, 2012.
4For example, unobserved installations of carpets, interior doors, or flooring affect both a property’s

value and its energy efficiency, leading to bias.
5Unrealised efficiency is a function of two endogenous variables: current and potential efficiency. In a

traditional repeat sales approach, both would need instrumenting for.
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The chapter makes two contributions to the literature – the first being the proposal of

an alternative definition of capitalisation. A shortcoming of the existing literature is that

it considers only how energy efficiency improvements are valued in the present. Doing

so fails to explore the forward-looking nature of buyers, missing a potentially important

explanation as to why energy efficiency investments are lagging behind the level required.

This chapter fills the gap by estimating the capitalisation rate of both current and unre-

alised efficiency. The former can be interpreted as the price buyers pay for improvements

already undertaken by the previous owner. The latter instead represents the price buyers

pay for the improvements yet to be installed (and which need to be undertaken by the

buyer). Comparing the two estimates, we see how buyers value the same improvements

when they are already installed versus when they are yet to be installed. Evidence that

buyers value the improvement less when it is not yet installed would point to myopia

through a lower willingness to pay. Another drawback of the literature exploring current

capitalisation is its failure to frame capitalisation in the context of a property’s potential.

McCord et al., (2020) provide one of the few studies exploring the relationship between

property prices and energy efficiency potential, uncovering positive price effects. The pa-

per fails to account for a number of contextual factors, namely the distance a property

lies from their potential. While potential is found to be capitalised, this should only be

true if this potential is realistically attainable. Using the approach of unrealised efficiency

captures this in a more robust way, accounting for how the incentives (or disincentives)

to make improvements are affected by the distance one has to travel to attain potential.

Using this definition, I also build on an existing literature suggesting that capitalisation

differs with information about the present (Sejas-Portillo et al., 2020; Szumilo, 2020;

Hilber et al., 2019) by suggesting that a proportion of this effect comes from the forward-

looking nature of those undertaking improvements. This chapter argues that it is not

potential itself that drives premiums, but one’s distance from it. I explore this later in a

set of heterogeneity tests, whether buyers are disincentivised by high levels of unrealised

efficiency.

I provide a methodological contribution to the literature in the form of a novel instru-
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mental variable. The majority of studies employ repeat-sales or fixed effects approaches

to deal with the endogeneity in efficiency scores, with the only 2SLS application coming

from Aydin et al., (2020) in a study in the Netherlands. I construct an instrument which

exploits changes in the SAP methodology in 2012 that gave rise to a new set of recom-

mendations. These recommendations represent technological improvements on the former

and which increase potential efficiency scores discontinuously. Exogeneity arises from the

fact that recommendations are idiosyncratically determined by the assessing engineer, ir-

respective of household influence, and that this change affects all property types within

the dataset. This allows me to identify the exogenous component of changes in unrealised

efficiency between EPCs and estimate the true causal capitalisation rate. This chapter

is the first in the literature to acknowledge changes in potential efficiency scores arising

from the change in SAP. Results from previous studies conducted in the UK are called

into question if one believes that potential efficiency affects current capitalisation. I use

this unique setting to explore whether potential efficiency does in fact affect capitalisa-

tion, and whether we observe heterogeneous effects either side of the change in SAP that

explain this capitalisation. A further benefit of the choice of instrument is that it relies

on exogenous changes in in potential efficiency, not current efficiency. The latter is prone

to greater endogeneity given that improvements are household-specific – changing as a

result of household decisions to make improvements. By exploiting changes in potential

efficiency, which cannot be manipulated by households, I am able to identify changes in

unrealised efficiency that are exogenous to households. I therefore provide a different

empirical approach to estimating capitalisation that bypasses the endogeneity concerns

that arise when using changes in current efficiency.

Baseline results comprise the estimates of two capitalisation rates: one following changes

in current efficiency, and one following changes in unrealised efficiency. I adopt the stan-

dard fixed effects approach to replicate the results found in the literature for current

capitalisation, using this as a benchmark for comparison. Doing so yields a capitalisa-

tion rate of 1.3%; this is the amount by which property prices increase following a 10%

increase in current efficiency. This lies between the rate of 1% estimated in Fuerst et al.,
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(2015) using a repeat sales approach, and the rate of 2.2% estimated in Aydin et al.,

(2020) using a 2SLS approach. The estimated premium reflects the value buyers place on

the energy efficiency investments made by the previous owner. Using the 2SLS approach

to instrument for changes in unrealised efficiency, I estimate a much smaller unrealised

capitalisation rate of -0.15% – the amount by which prices fall following a 10% increase in

unrealised efficiency. Estimates are robust to different specifications. Unrealised efficiency

increases with an increase in potential efficiency scores following the SAP, with findings

showing that buyers discount property bids in response. This discount reflects the value

buyers place on making their own improvements following an increase in the investment

required to attain potential. Comparing the two capitalisation rates, the current capitali-

sation rate is 9x larger in absolute terms, suggesting that buyers undervalue making their

own improvements relative to purchasing those already made. A set of heterogeneity tests

are undertaken to explore the drivers of these findings. Firstly, I find that the price dis-

count following an increase in unrealised efficiency is fully offset by the cost of installing

the recommended improvements. While buyers place little value on undertaking these

improvements, findings suggest that they do accurately price them. Furthermore, this

finding suggests that buyers actually overbid for properties with existing improvements.

Secondly, I find that buyers need extra compensation to undertake improvements that

are invasive (that require the household to adapt their daily lives while renovations oc-

cur) in the form of greater discounts. Finally, I show that households discount properties

in the expectation of undertaking recommended improvements only when their potential

efficiency score is attainable, or when there is the potential for return on investment;

properties requiring too many improvements, or with little room for improvement, are

not discounted.

From a policy perspective, if the UK is to reach Net Zero by 2050, the primary incentive

of improvements should be to reduce unrealised efficiency – not to profiteer from improve-

ments in the present. This first comes with understanding the behavioural components

at play in the sector and how buyers respond to information presented differently. This

motivates the chapter’s focus on parsing improvements that specifically improve energy
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efficiency. A wealth of literature exists to define how buyers value housing, but not so

much about how they value the energy-enhancing components. Comparing estimates un-

der both definitions of capitalisation incorporates a behavioural component to ascertain

how different information within the same EPC are considered. I therefore frame this

chapter within this policy debate in order to speak to how behaviour is determined by

reporting, and to speak to the challenges that arise from this.

The rest of this chapter is structured as follows. Section 2.2 reviews the relevant literature.

Section 2.3 introduces data and the policy context surrounding the introduction of EPCs

in the UK. The empirical strategy is presented alongside the results in Section 2.4. Con-

cluding remarks and discussion around the policy implications of this chapter’s findings

can be found in Section 2.6.

2.2 Literature Review

The capitalisation literature is in general agreement that increases in energy efficiency

result in property price appreciation. More debated is the magnitude of such increases and

the best methods used to estimate them. I review the literature in this field, starting with

studies exploring why underinvestment occurs and then moving to papers that explore

the value buyers place on these investments.

2.2.1 Underinvestment in Residential Energy Efficiency

Research in this field began in the 1980s and introduced methods still used to this day.

At the root of this research is the literature on the energy efficiency gap – the difference

between the current energy efficiency and the socially optimal level of energy efficiency

of homes. Research in this field explores human behaviour as an explanations for under-

investment. The seminal papers of Hausman, (1979) and Dubin and D. L. McFadden,

(1984) give rise to the energy efficiency capitalisation literature with research on the

energy efficiency gap. Their consumer choice models paved the way for explaining the

derived demand conditions for energy. Both studies find that consumers with lower in-

comes tend to have higher discount rates for energy efficiency investments compared with
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those on higher incomes. Hausman, (1979) estimates the discount rate to be on average

20%, while for those on the lowest incomes ($6,000), this is around 89%. Lower earners

are less likely to invest in energy efficiency even in the presence of rising energy costs

due to credit constraints and the associated gambles around future payoff. This may

be due to limited knowledge of the benefits of retrofit and high disruption levels during

work (Fowlie et al., 2015). Energy demand is more elastic for those on lower incomes

compared with wealthier households – meaning they are less likely to invest in retrofit,

instead choosing to just reduce supply (Urban and Ščasnỳ, 2012). The under-realisation

of one’s potential efficiency gave birth to the notion of the energy efficiency gap: referring

to the difference between the current and the potential energy efficiency of a property or

population. Research has expanded on this to define it as a societal measure. Jaffe and

Stavins, (1994) suggest defining the gap as the difference between the current and socially

optimal rate of efficiency. But the efficiency gap itself is inherently subjective and difficult

to estimate under this definition, as one person’s small gap may be another’s large gap.

The definition above speaks to the current public efforts to reduce carbon emissions and

achieve Net Zero, as energy efficiency improvement are thought of as socially-beneficial.

In this sense, households must consider improvement as progress towards achieving their

potential efficiency and not only as a means for capitalisation. However, efforts to close

the gap do not ultimately translate into environmental gains. The presence of the “re-

bound effect” – higher derived demand for energy-based products resulting from energy

savings – may actually reduce energy efficiency gains (see Fowlie et al., 2018; Dubin et al.,

1986; Gillingham and Palmer, 2014). Fowlie et al., (2018) point to weak welfare gains

as a result of the rebound effect as people increase their consumption of energy services.

These gains may be positive from an economic and social perspective, but environmen-

tally, they are defeatist with respect to CO2 emissions. Gillingham and Palmer, (2014)

argue that the rebound effect is actually welfare enhancing as the positive outweigh the

negative welfare effects. Households achieve a better level of comfort in their home for

the same cost as before. The topic of CO2 emissions is explored in more detail later, as

limited research is framed with the main goal of reducing such emissions.

7



2.2.2 Returns to Investment

The capitalisation literature builds on this research and explores the role of financial re-

turns as incentives to close the gap. Research started in the 1980s and introduced models

still applied widely today – like the hedonic pricing models in Rosen, (1974) and Roback,

(1982). Publications at the time encountered a common drawback: poor data availability,

both in terms of the number and quality of observations. Early papers in the literature

employed 2SLS models to isolate exogenous improvements in energy efficiency and to

overcome the limited data (Dinan and Miranowski, 1989; Johnson and Kaserman, 1983;

Longstreth et al., 1984; Bound et al., 1995). These shortfalls resulted in limited research

into capitalisation in the following years, with the exception of the paper by Nevin and

Watson, (1998). They explore an important hypothesis of Longstreth et al., (1984): do

market valuations for energy efficiency improvements follow the rational market hypothe-

sis? The answer is a test of whether the price premiums following improvement outweigh

the marginal cost (i.e energy cost savings vs higher mortgage cost). This explores the

degree to which the benefits of energy efficiency improvement are discounted. The au-

thors find evidence that energy efficiency improvements lead to positive price premiums: a

circa $20.73 increase for every $1 reduction in energy expenditure. Improvements increase

home value by an amount that reflects a discounted rate of energy savings in line with that

of mortgage interest rates. This suggests that households can profit from improvements,

regardless of time between the sale. The exploration of the timings of improvements ver-

sus the sale introduces an interesting dynamic – as little research exists into the financial

viability of conducting improvements in properties with short occupation.

The availability of better data and more advanced econometric techniques reignited the

debate around the capitalisation of housing energy efficiency investment. These papers

can be categorised into two themes: research estimating capitalisation rates of energy effi-

ciency into house prices, and research into the heterogeneity in these rates. New methods

were also applied in the search for causal effect. The newer literature makes use of tested

energy efficiency scores as opposed to proxies, and report capitalisation rates as elastic-

ity’s. In their widely cited paper, Fuerst et al., (2015) explore capitalisation with the use
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of a cross-section hedonic pricing model and a panel data repeat sales model. The paper

finds that a 1% increase in current energy efficiency is associated with a 0.1% increase

in property prices. Included in estimation is a price trend that controls for regional and

local market dynamics, as well as accounting for the time elapsed between sales. This

captures well two things: the associated benefits of living (versus not living) in areas

that values energy efficiency, and the occupancy for each property that determines the

payback period. Secondary to this, the paper estimates the price premiums associated

with achieving a higher energy rating. Compared to a hold-out category (band D), the

authors find significant price premiums associated with the highest rated properties (5%

for A- and B-rated) and price discounts for the lowest rated properties (7% for G-rated

and 1% for E- and F-rated – dubbed by McCord et al., (2020) as ”brown discounts”).

What is surprising is the similarity in price premiums associated with the two lowest and

highest bands. This finding is important because there appears little financial incentive to

improve homes further in band B, and little incentive for homes in band F to make minor

improvements. Aydin et al., (2020) extend on this paper by estimating the capitalisation

rate with both a cross section and panel data using a 2SLS model. Their study uses data

from the Netherlands between 2008-2011 in the former, and 2008-2015 for the panel data

model. They find a a 0.22% capitalisation rate following a 1% improvement in current

energy efficiency. The model used here extends on Fuerst et al., (2015) by controlling for

quality adjustments through the IV and a control variable accounting for property main-

tenance. Different to the previous paper is the smaller sample size (seven versus seventeen

years). The smaller occupancy length in Aydin et al., (2020) likely biases results when

not controlling for length, given that the improvements made may be representative of

property investors, not long-term homeowners. This paper also extends the analysis by

estimating the causal effect of moving up a rating bands. Using a Regression Disconti-

nuity (RD) design, they find limited evidence of a price premium resulting from climbing

bands. Although there is an associated premium, it is not caused by the crossing of a

band. This lies in direct contrast with the paper by Sejas-Portillo et al., (2020) who find

a premium of between 0.8%-2.5% from crossing a threshold. The authors find that the

threshold effect is greatest for G-F rated properties (most inefficient) and lowest for C-D
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rated properties (highest proportion of properties). This suggests that energy efficiency

improvement is still capitalised at lower rating bands. They expand this analysis further

to estimate whether rating bands reduce buyer attentiveness to energy efficiency scores.

They find that attentiveness is reduced on average by 25%, 34% in E-F and 12.5% in

C-D rated properties. The price premiums associated with higher-rated properties likely

explains the lower degree of inattentiveness. One concern with the RD model comes from

the assumption that properties are similar either side of the threshold, but the model

does not control for the effect of postcode wards in urban settings. While properties may

be similar in characteristics, prices are likely not. The model could be extended to ac-

count for this and illustrate the effect. These papers identify positive capitalisation rates

following improvements, but highlight that these are heterogeneous. Fuerst et al., (2015)

identify capitalisation, but do not offer causal estimates of the premiums associated with

achieving higher ratings. There is likely some biased in their estimates, as they cannot

distinguishes between what constitutes an energy efficiency versus a cosmetic home im-

provement. As such, they have to remove a portion of their sample. My chapter extends

on this by isolating the price impact of energy efficiency investment through 2SLS. I also

test whether the estimates are robust to removing properties at the threshold of the next

band – as these properties have greater incentive to invest, and benefit from higher capi-

talisation rates.

The paper by Sejas-Portillo et al., (2020) extends on an interesting – and under-researched

– area around uptake of energy efficiency improvements. Moving above or towards the

next rating-band requires incentive, and Comerford et al., (2018) explore this in their

paper. The authors test the hypothesis that energy rating labels themselves act as incen-

tives to improve by comparing clustering around the EPC rating D pre- and post-2008,

when EPCs became compulsory for residential transactions. Their findings suggest that

EPC requirements led to a clustering of households within rating band D, but find no

evidence of further improvements beyond the initial. This creates a repeated incentive

problem, whereby owners do not invest when far away from the next band. Similar to

the study of rating bands and threshold effects, this suggests that people are inattentive
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to the SAP scores. However, there is evidence that information provision is a key driver

of energy efficiency improvements and that tailoring this provides incentive. This builds

on a wealth of literature in behavioural economics around information absorption and

heuristics (see Stigler, 1961; Pope, 2009; Lacetera et al., 2012). However, the authors

point to a limitation of the paper – that the incentive to improve may be driven by the

potential score. This cannot be ruled out in the paper, threatening the causal interpre-

tation. My chapter extends this by looking at the impact of reporting potential energy

efficiency scores on property prices. If indeed buyers respond to a property’s potential,

then the current rating becomes less important to certain buyers.

2.2.3 Heterogeneity

The growing literature around heterogeneity is symptomatic of the need for better policy

design. Low uptake – like is found in Comerford et al., (2018) – requires policymakers

to better understand how buyers view energy efficiency differently. Two notable papers

in this literature come from Hilber et al., (2019) and Szumilo, (2020). Both explore het-

erogeneity in capitalisation that comes from differences in neighbourhood characteristics.

Hilber et al., (2019) explore the effects on energy consumption and energy efficiency in-

stallations of an increase in national energy prices. This is explored for homes in and

outside of conservation areas (those areas with specific protections on buildings). The

low improvement potential and high associated costs limit the incentives to improve en-

ergy efficiency. The authors find that households respond by making improvements and

lowering their energy consumption, but this is significantly lower for households in conser-

vation areas. This is an important extension of the literature as it accepts that previously

explored incentives to make improvements do not always hold (information provision in

Comerford et al., 2018; or threshold effects in Sejas-Portillo et al., 2020). Further re-

search is needed to understand the role of market structure here. This is the topic of the

paper by Szumilo, (2020). He explores the impact of market structure on property-price

spillovers through peer effects following property renovation. Thought not concerned with

energy efficiency improvement per se (only the data from EPCs), the paper highlights the
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interconnectedness between local property prices. The paper finds that property prices

rise by 0.3% in response to a 1% increase by one’s neighbours. Internal renovations only

impact local prices when the property is listed on the market, creating an information

channel, and not through intra-neighbourhood channels. This may take place through an

anchoring effect, whereby residents change their pricing behaviour based on observed local

prices and characteristics. Importantly, one cannot rule out the impact of the market in

estimating capitalisation – and models should control for such characteristics. Conciev-

ably, buyers with preferences for energy efficiency and environmental characteristics may

be more likely to pay higher prices to locate near like-minded households – representing

a spillover effect. This creates almost a free riding problem. These two papers represent

interesting developments in the literature by exploring heterogeneity in external condi-

tions, something that I expand on in another chapter.

Fuerst et al., (2020) and Kholodilin et al., (2017) explore heterogeneity further by con-

sidering the impact of energy efficiency improvements on the rental market. Both papers

find a significant increase in rental prices following improvement, but the former paper

suggests this is only small. The former applies a similar methodology to Fuerst et al.,

(2015) and find that properties rated B/C command a price premium of 3-5%, compared

with D-rated properties. Yet, the monetary value of 5% higher rents is minimal. On the

other hand, Kholodilin et al., (2017) find a higher associated premium in Berlin – around

e23 for every e1 reduction in energy savings. This represents a much larger capitalisa-

tion rate. Both papers agree on the problem facing improvement uptake in the market

– the landlord-tenant dilemma, also termed the split incentive problem. This posits that

under-investment occurs due to market failures and products benefits that the landlord

does not receive. For example, landlords do not benefit from energy savings and tenants

have a low willingness-to-pay for energy efficiency investment given their limited stake in

the property and (likely) short-term tenancies. This culminates in a discounting of the

future; as Kholodilin et al estimate that future energy cost savings to exceed tenant’s

willingness to pay for investments by a factor of 2.5. This finding is corroborated by Ca-

jias et al., (2019), who note that rental housing outweighs home ownership in Germany.
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This may explain the larger capitalisation rate found in Kholodilin et al., (2017), but the

authors here find a low rate. They suggest that energy efficiency improvement from rating

band D-A only results in a rental premium of 1.4% While this chapter does not explore

the rental market, it is interesting to see that tenants value energy efficiency – albeit at a

value less than the benefits. A flaw in the capitalisation literature is the sole consideration

of the impact of improvement on prices. Little research exists on the intended benefits

of improvement: the environmental impact. Clara et al., (2022) attempt to fill this gap.

The authors focus on the rental market (contrasting this with the owner-occupied market)

and the impact of Minimum Energy Efficiency Standards (MEES) on energy efficiency im-

provement. They find that the MEES regulation triggered energy efficiency investments

in the private rented sector, but the environmental gains were minimal. This was driven

by low-expenditure, high score-improving investments that may be considered more as

cosmetic improvement. On the contrary, investments among homeowners translated into

better environmental gains. This is driven by a split-incentive problem. Energy effi-

ciency measures are calculated based on ”cost to heat” type measures, but do not reflect

environmental contribution. A caveat to the findings are that private-rented properties

rely more heavily on electricity whose production is worse for the environment. A more

econometrically robust estimation that controls for fuel-type may find that characteris-

tics between rented/owned properties are not too dissimilar, and neither is environmental

impact. This paper does not identify a causal effect on improvement of a change in the

MEES regulation, but it does identify a spike. This spike is also present in owned proper-

ties, who may be incentivised to improve in anticipation of future changes in regulations.

While not testing the environmental benefit of improvement directly, I frame my research

in a way that stresses the salience of environmental impact. This chapter argues that

energy efficiency improvement ought to be considered as improvement towards potential,

and capitlaisation rates ought to reflect this, not just as improvement in the current rating.

Another strand of the literature explores heterogeneity by property characteristics. One

such characteristic is property prices. Papers by Evangelista et al., (2022) and McCord et

al., (2020) test the degree to which energy efficiency ratings impact house prices. McCord
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et al., (2020) look to test the impact of energy performance labelling on property prices

using both current and potential energy ratings/scores (study conducted in Belfast). In

their sample, the potential refers to the achieved score following uptake of cost-effective

measures. The authors claim that this is a better information signal to buyers. The paper

finds significant price premiums at only the highest quantiles and price discounts at the

lowest quantiles when using energy efficiency scores. But the effects are driven by the

highest and lowest rating band for changes in both current and potential energy ratings.

It is hard to draw the causal link here between what is driving the price change: whether

it is wealthier people’s decisions or the property’s characteristics. In the case of potential

ratings, wealthier people may value highly-efficient properties, but they may also value

poorly-efficient properties, driven by the vintage effect (see Hilber et al., 2019). However,

this paper finds price discounts for low-rated, low-potential properties. Evangelista et al.,

(2022) extend on this by testing for energy efficiency valuation in the Lisbon market.

With similar results, the authors find that higher-priced properties have higher capital-

isation rates in comparison to lower-priced properties that are discounted. The studies

differ in that this paper finds significant discounting. These appreciation/discounting

effects are larger for existing homes compared with new builds, presumably because of

the investment (dis)opportunities. One major drawback of the paper is that the authors

use a sample covering the aftermath of the financial crisis, and allude to the more-than-

proportionate impact on property prices among the poorer. This likely drives some of the

result, given that energy efficiency is a luxury. Both papers fail to identify causality as to

the drivers of this change. Difficulties also arise from the samples used. The former uses a

small sample of just 1,476 properties, while the latter uses a sample ranging between the

years 2009-2013. My chapter extends on McCord et al., (2020) by incorporating potential

energy efficiency into estimation. This is a valued characteristic, but the authors do not

interact both the current and potential together to identify their interdependence. The

unrealised efficiency measure I use accounts for this and reflects the value that buyers

place on closing the distance towards potential. I also conduct heterogeneity tests like

in Evangelista et al., (2022) to identify the causal effect of improving energy efficiency in

homes of different types.
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To conclude, the bulk of the modern literature exploring heterogeneity in the market for

energy efficiency recognises that there exist stark differences between household’s char-

acteristics and incentives. The recognition of such heterogeneous responses is important

in the formation of policy to roll out mass-retrofit, as there is no ”one-size-fits-all” re-

sponse to this challenge. The coverage of the heterogeneity literature grows wider than

the themes identified here. There are papers that explore the heterogeneity in energy effi-

ciency uptake by housing regulation (Hilber et al., 2019), through peer effect and explicit

vs non-explicit information provision (Szumilo, 2020), and by levels of risk aversion (Qiu

et al., 2014), to name but a few. Future policy formation should reflect these differences

and should account for multiple outcomes, like both environmental and price impacts.

2.3 Data

This chapter exploits detailed property-level data created by researchers from University

College London (Chi et al., 2021) combining data from two sources: the Energy Perfor-

mance of Buildings database (MHCLG) and the HM Land Registry Price Paid data for

the period 2011-2019 for properties across England and Wales. The former reports infor-

mation from EPCs on a property’s structural characteristics, including build type, year

of construction, floor space (in m2), number of rooms, and extension count. Moreover,

the database reports energy characteristics, such as energy efficiency ratings and scores,

estimated energy consumption and the associated costs.6 The Land Registry database

on the other hand records transaction prices for all dwellings sold on the open market,

providing the address, build type, land holding, and selling price.7 The resulting sample

consists of over seven million properties and includes data on both energy efficiency char-

acteristics and transaction prices, including the date when the property was inspected

and sold. I use the longitudinal nature of the data to investigate changes in transaction

prices resulting from EPCs using properties with multiple sales. Doing so allows me to

isolate price fluctuations that can be attributed to changes in energy efficiency scores. By

6The property types included in the analysis: houses, bungalows, maisonette, and park homes; and
the home build type: detached, semi-detached, (mid, end, enclosed mid- and enclosed end-) terrace. Flats
are exuded from the analysis. The dataset does not record information on internal aesthetic quality.

7The dataset records the final transaction price, not the original listing price.
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limiting the analysis to these repeated sales, the sample size is narrowed down to roughly

293,000 observations consisting of properties with two unique EPCs. I exploit changes

in the Standard Assessment Procedure (SAP), the approach used to calculated energy

efficiency scores, in 2012 that produced a discontinuous increase in potential energy ef-

ficiency scores to estimate the capitalisation of unrealised efficiency. In this section, I

present the mechanisms driving this effect and motivate the empirical strategy with de-

scriptive statistics.

2.3.1 Measuring Energy Efficiency

The SAP represents the methodology used to calculate residential energy efficiency scores.

First established in 1993, the tool was originally developed to estimate residential energy

consumption based on energy cost measures. By 2007, it became the cornerstone of EPC

evaluations used to determine the extent to which homes were energy efficient. Obtaining

an EPC involves scheduling a home visit with an assessing engineer who records features

of the property (i.e. its structural characteristics and energy systems) to input into the

SAP platform. From this, the engineer uses the information collected to develop two

measures: i) energy demand, and ii) energy consumption for the household. The two

differ in a subtle, but important way. Energy demand refers to the amount of energy

needed for a task, while energy consumption calculates the actual energy consumed for

the task.8 Properties with more efficient technologies reduce this discrepancy by reducing

the amount of energy consumed. Using a set of standard assumptions with regards to the

property’s energy needs, information into the SAP is then used to estimate the annual

energy consumption required to provide a standard level of heating, lighting and hot wa-

ter relative to that demanded. An estimate of the total cost is produced, which will be

greater for properties whose energy consumption grows relative to their demand. Costs

estimated under the SAP are then normalised into a score that takes a value between

0-100, where larger scores correspond to lower energy costs. These scores represent the

energy efficiency scores seen on EPCs.

8For example, a household wanting to heat a room with a boiler operating at only 80% efficiency
would consume more energy than it demanded.
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A caveat of the SAP approach is that properties may obtain a SAP score that exceeds

100. This occurs in instances when the household’s net energy usage is negative, meaning

they produce more than they consume – usually through renewable energy sources such as

solar panels. These properties are few and are not of direct importance for this research;

I therefore remove them from the analysis and bound energy efficiency scores between

0-100 both for current and potential efficiency. Potential efficiency then measures the

lowest energy cost a property can obtain, based on the standard assumptions, after com-

pleting the improvements recommended by the assessing engineers. Given that I bound

potential efficiency at 100, properties receiving high potential efficiency scores are those

that are the best insulated and that require the least energy consumption relative to that

demanded. In other words, higher rated properties are those that lose the least energy

to waste arising from product inefficiencies. The same logic applies to the calculation of

current energy efficiency scores, only these reflect the cost of energy consumed relative to

that demanded in the present.

The SAP has undergone a number of changes, most recently in 2005, 2009, 2012, and

2022. Of interest to this chapter is the change in 2012 that gave rise to a new set of

recommendations and re-weighting of existing calculations. I exploit this later as an

instrumental variable that explains changes in unrealised efficiency.

2.3.2 Changes in the Standard Assessment Procedure in 2012

The updated SAP introduced a number of changes in energy efficiency calculations and

its underlying assumptions, from changes in the assessed quality of structural materials to

updates in the adjudicated importance of certain energy efficiency installations. A brief

summary of those changes may be found below.

• Updating economic conditions: updates to fuel prices used in calculating energy

costs

• Climate variation: factors regional climate into the measure to weight energy costs

by local conditions

• Updated building specs: the effect of structural characteristics on energy consump-
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tion re-weighted

These changes are tantamount to a re-weighting of energy scores arising from updated

data on the cost of fuel inputs, incorporating variation in climate, and updating the ef-

ficacy of certain building codes with respect to their insulation capabilities. One would

expect a re-weighting of the SAP components to affect both current and potential scores in

relatively equal measure, as both calculations are subject to the same inputs. Figure 2.1

shows that this is not the case. The figure plots the average current and potential by

EPC inspection year across the sample, illustrating the change in SAP in 2012. Potential

efficiency scores experience a sharp increase around the time of the change, while current

efficiency scores continue on the same trajectory. A-prioiri, it would be expected that

both scores share a similar discontinuity. Given that they do not, this likely points to

another explanation.

Potential efficiency is dictated by the improvements that could be undertaken, which

differ on a property-by-property basis. Some properties have capabilities, structures, and

limitations that others may not posses, and so will differ in the improvements available

to them. It is plausible to expect that changes in the SAP may also bring about changes

in the types of recommendations put forward.
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Figure 2.1: Mean Energy Efficiency Score by EPC Inspection Year

NOTES: The figure shows the average current, potential and unrealised energy efficiency scores by EPC

inspection year for all properties within the sample. The x-axis denotes the year in which the EPC

inspection takes place.

I begin by exploring the types of recommendations put forward by assessing engineers

both prior to, and after, 2012. These can be separated into three groups: with recom-

mendations i) growing in frequency post-SAP change, ii) declining in frequency post-SAP

change, and iii) with no notable change in frequency post-SAP change. Table 2.1 provides

descriptive statistics on those growing and declining in frequency (referred to hereafter

as growing and declining recommendations). I calculate the proportion of EPCs that

contain each improvement prior to, and after, 2012. To constitute a growing or declining

recommendation, we must observe a ±30% change in the frequency with which they arise

in EPCs between periods.
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Table 2.1: Recommendations by Category

Category Improvement Pre-2012 Post-2012 (%) Change

Growing Heat recovery system for mixer showers 0% 1.5% >1000%

Growing Floor insulation 0.006% 71.1% >1000%

Growing Flue gas heat recovery device in conjunction with boiler 0% 4.8% >1000%

Growing Flat roof insulation 0.001% 2% >1000%

Growing Draughtproof single-glazed windows 0.02% 10.4% >1000%

Growing Replace boiler with biomass boiler 0.02% 0.05% 131.7%

Growing Cavity wall insulation 22% 31.8% 44.7%

Growing Add additional 80 mm jacket to hot water cylinder 9.8% 14% 41.5%

Declining Secondary glazing to single glazed windows 0.6% 0.1% -84.6%

Declining Replace heating unit with condensing unit 0.17% 0.1% -40%

Declining Fan assisted storage heaters 5.603% 3.56% -36.4%

Declining Replace single glazed windows with low-E double glazing 16.9% 10.8% -36.2%

Declining Change heating to gas condensing boiler 4.6% 2.9% -35.7%

Declining Replacement warm air unit 0.5% 0.33% -33.3%

NOTES: This table shows the improvements that are increasing or decreasing in prevalence after the 2012

change in SAP. Pre-2012 and Post-2012 (%) refer to the proportion of EPCs each recommendation appears in

over the period. Like in the empirical analysis, I restrict the Post-2012 sample to include four years of data such

that it matches the period prior to the change in SAP.

The table shows that growing recommendations are predominantly related to insulation

and heat recovery – improvements that would substantially affect the retention of heat

and likely increase one’s potential by a large amount. In particular, measures that look

to improve windows and better insulate the walls and flooring. Recommendations in this

group appear more often on EPCs after 2012. This points towards a concerted effort

to push these types of recommendations. On the other hand, declining recommendations

appear to be related to older technologies, judging by their similarity in nature to those in

the growing category (i.e. heat storage, window glazing, boiler replacements). It could be

argued that the recommendations being pushed after 2012 were improvements on older

technologies and represent technological innovations capable of significantly improving

potential efficiency above-and-beyond the exiting technologies.

If the new recommendations that were growing in popularity after 2012 were technolog-

ical improvements on their predecessors, then we would expect that they deliver greater

energy efficiency improvements. Given that these are recommendations and are yet to be

installed within the property, this should affect potential efficiency scores exclusively. I ex-

plore whether the presence of these recommendation did in fact cause potential efficiency

20



scores to increase after 2012. To do this, I split recommendations into those growing and

declining in popularity post-2012 according to Table 2.1, as well as an everything-else

category that captures the remaining recommendations. Using the universe of certificates

recorded in the EPC register, I then undertake a series of regressions to estimate the

effects on potential efficiency according to the following specifications

EP
i = αk1.Dk +X ′

iα + ϵi (1)

EP
it = ΦrecsGit + θrecsDit +X ′

itα + ψi + ϵit (2)

EP
it = ΦrecsGit × Post-SAP + θrecsDit × Post-SAP +X ′

itα + ψi + ϵit (3)

In all specifications, the dependent variable is the potential efficiency score measured in

levels. The first specification exploits a cross-section within the panel data structure.

I estimate the difference in potential efficiency among properties that have recommen-

dations with growing and declining frequency (captured in the dummy variable Dk). I

condition on a set of controls (Xi) to guard against omitted variable bias, including the

EPC inspection year, total floor area, current efficiency, and a set of structural char-

acteristics capturing age, build type, and property type. Estimates in αk capture the

differences in potential efficiency between properties with different types of recommenda-

tions. In the second specification, I exploit the panel structure to calculate the number of

growing/declining recommendations included within each EPC. Including property fixed

effects (ψi) to control for time-invariant characteristics, I identify within-property changes

in potential efficiency arising from a change in the frequency of recommendations – under

the a-priori that an extra growing recommendations should increase potential efficiency

by more than an extra declining recommendation. In these specifications, controls are

only included for the current efficiency score, total floor area, and a dummy indicator

for the change in SAP. Finally, in specification three, I interact the number of growing

and declining recommendations with a dummy variable signifying the change in SAP to

see whether changes in potential efficiency scores are greater, or even heterogeneous, be-

tween the types of recommendations. If the discontinuity in potential efficiency scores

truly comes from changes in the types of recommendations put forward following the

change in SAP, then findings from this regression should show that properties with grow-
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ing recommendations experience much greater increases in potential efficiency between

EPCs compared with other properties after 2012. Results from all three specifications

are presented in Table 2.2, with the marginal effects from the interaction terms in Eq.(3)

presented in Table 2.3.

Table 2.2: Change in Potential by Recommendation Type

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

XS Panel Panel×Sap Panel×Sap

1.Growing 0.814***

(0.011)

1.Declining -2.317***

(0.030)

Growing 3.824*** 2.821*** 3.700***

(0.018) (0.030) (0.018)

Declining -2.511*** -2.564*** -3.345***

(0.052) (0.052) (0.053)

Growing×Post-SAP 1.298***

(0.019)

Declining×Post-SAP 3.287***

(0.073)

Property FE ✓ ✓ ✓
R2 0.693 0.700 0.702 0.704

Observations 3,410,871 733,398 733,398 733,398

NOTES: Standard errors clustered at the property-level in parentheses. Column 1

uses dummy variables to signify if a property possesses recommendations from the

increasing/decreasing groups and uses all other improvements as the hold-out category.

Columns 2-4 instead use the number of recommendations in each group for improved

accuracy. Further controls are included for the current efficiency score and total floor

area, while Column 1 is augmented further with controls for the property’s construction

age, build type, and property type. This regression represents a linear specification,

whereby controls are measured in levels. Full results are presented in Appendix A.1. *

p < 0.05, ** p < 0.01, *** p < 0.001

Columns 1-2 respond to Eqs.(1-2), while columns 3-4 correspond to the interaction terms

presented in Eq.(3). Column 1 presents the results from the cross-sectional analysis,

where recommendations from the ”everything-else” group represent the hold-out category,

and where we identify only whether or not a property receives a growing or declining

recommendation. Estimates show that, relative to properties with recommendations that

do not change in frequency, properties with declining recommendations have lower levels

of potential.
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Table 2.3: Change in Potential:
Marginal Effects

(1) (2)

Growing Declining

Pre 2012 2.821*** -3.345***

(0.031) (0.053)

Post 2012 4.120*** -0.058

(0.019) (0.072)

Observations 733,398 733,398

NOTES: Standard errors clustered at the

property-level in parentheses. The analysis

takes the marginal effects from the estimates

presented in Table 2.2; please refer to the

notes for this table. * p < 0.05, ** p < 0.01,

*** p < 0.001

On average, potential efficiency scores for these properties are 2.3 points lower. Prop-

erties with growing recommendations have relatively higher levels of potential efficiency,

on the other hand. On average, potential efficiency scores for these properties are .8

points higher. These estimates only represent a static analysis of the differences in po-

tential energy efficiency scores. Column 2 exploits the panel structure to identify how

changes in the number of recommendations in the increasing and decreasing groups be-

tween EPCs change potential efficiency scores. Like in the previous column, the sample

is restricted to properties requesting a new certificate either side of 2012. Estimates show

that acquiring an extra recommendation that is growing in frequency on EPCs after 2012

increases potential efficiency scores by around 3.8 points on average. Conversely, acquir-

ing an extra recommendation that is declining in frequency after 2012 decreases one’s

potential efficiency by about 2.5 points. These results point to differences in the efficacy

of the recommendations in improving one’s efficiency. Recommendations of increasing

frequency deliver greater gains, providing support to the notion that these improvements

represent advances in technologies. However, estimates from Column 2 do not explore

the heterogeneous changes in potential efficiency following the change in SAP. I explore

this in Columns 3 and 4 by interacting the number of recommendations in both groups

with a dummy variable representing the change in SAP. Estimates from the interaction

term in the former column show that acquiring an extra recommendation that is growing
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in frequency after 2012 increases a property’s potential by a greater amount following

the change in SAP. The same is true of acquiring an extra recommendation declining

in popularity after the change in SAP – though, the marginal effects present this more

clearly. The marginal effects in Table 2.3 illustrate the effects on potential efficiency scores

of an extra recommendation prior to, and after, 2012. The marginal effect of an extra

growing recommendation prior to 2012 is an increase in potential of around 2.8 points,

whereas after the change in SAP this increases to 4.1 points. Increasing by nearly double,

we see that the different recommendations put forward after the change in SAP led to

larger gains in potential efficiency. On the other hand, the marginal effect of an extra

declining recommendation is negative in both periods. Prior to the change in SAP, an

extra recommendation would reduce potential efficiency scores by around -3.3 points. Af-

ter the change in SAP, the change effectively becomes zero and statistically insignificant.

One would expect this result if these recommendations were believed to represent older

technologies, as properties do not unlock extra potential from installing them. Evidence

presented in this table suggests that the recommendations growing in popularity after

the change in SAP represent technological advances, and that these advances lead to in-

creases in potential efficiency scores over-and-above those of properties without access to

said advancements.

Results from Tables 2.2 and 2.3 show that the average property experiences a signifi-

cant increase in potential efficiency scores following an increase in the number of growing

recommendations available to them. Conversely, the average property with declining rec-

ommendations experiences a decrease in potential efficiency scores. Estimates show that

the SAP change delivered larger gains in potential to those properties receiving growing

recommendations – owing to the fact that these recommendations represent technologi-

cal innovations. However, Figure 2.2 illustrates the stagnant nature of current efficiency

scores, highlighting that the change in SAP produced an isolated increase in potential

efficiency scores alone.

This chapter exploits variation in energy efficiency scores affecting a property’s unrealised
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efficiency, defined as the difference between a property’s potential and current energy

efficiency scores

EU
it = EP

it − EC
it (4)

Unrealised efficiency defines the improvement required for the property to attain its po-

tential – that being the ultimate goal of the EPC initiative. Variation is expected to

arise predominantly from households undertaking home improvements that increase their

current efficiency. However, given that the sample used in this chapter coincides with

a change in the SAP methodology, it seems reasonable to assume that energy efficiency

scores might also change as a result. I begin by plotting the average energy efficiency

scores by years of the sample in Figure 2.2. Evident from the graph is the spike in po-

tential efficiency in 2012 at the time of the change in SAP. Potential energy efficiency

score experiences a structural break, with the average score increasing by more than ten

points. Current efficiency remains relatively constant, increasing slowly through house-

holds improving their energy efficiency. Unrealised efficiency increases as a result of the

increase in potential, providing reasonable variation through which to explore any result-

ing price effects. The sharp discontinuity in unrealised should act as an information shock

to future buyers that a property i) has greater investment potential, but also ii) that this

investment requires greater financing; both of which should have opposing effects on price.

Identification in this chapter rests on the differential impacts from changes to the SAP

on current and potential efficiency scores. Identification becomes cleaner as unrealised

efficiency is the product of changes in potential efficiency alone around 2012.
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Figure 2.2: Mean Energy Efficiency Score by EPC Inspection Year

NOTES: The figure shows the average current, potential and unrealised energy efficiency scores by EPC

inspection year for all properties within the sample. The x-axis denotes the year in which the EPC

inspection takes place.

Table 2.4 explores this change in efficiency scores between EPCs for three sub-samples of

the dataset: for i) households that request both EPCs prior to the 2012 change in SAP, ii)

households that request EPCs either side of 2012, and iii) households that request both

EPCs after 2012. Reading along the row for current efficiency we notice that the average

change in current efficiency scores remains relatively constant between EPCs across all

three sub-samples. In-fact, households whose EPC request coincides with the change

in SAP obtain smaller gains in current efficiency, suggesting that the SAP change did

not discontinuously re-weight efficiency scores in the present. For potential efficiency

scores, we notice that the change between EPCs for households requesting both before or

after 2012 are not too dissimilar, with changes of 4.2 and 2.7 points respectively. These

changes are small and could be attributed to measurement error or idiosyncratic variation

in the assessing engineers’ assumptions. Households requesting EPCs either side of 2012

experience a much larger change. The average household experiences a 16.2 point increase
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in their potential efficiency score – an increase that far outweighs any change in current

efficiency and one that would be unlikely to arise from a re-weighting of components

within the SAP.

Table 2.4: Average Change Between EPC Inspections

Period Pre-2012 Pre- & Post-2012 Post-2012

Current 10.7 8.2 11.1

Potential 4.2 16.2 2.7

NOTES: The figures represent the unconditional means of the

change in current and potential scores between different sub-

samples of properties: properties whose both EPCs were re-

quested prior to 2012 (Pre-2012), properties whose both EPCs

were requested either side of 2012 (Pre- & Post-2012), and prop-

erties whose both EPCs were requested after to 2012 (Post-2012).

Like in the empirical analysis later, I restrict the Post-2012 sam-

ple to include four years of data such that it matches the period

prior to the change in SAP.

A discontinuity of this nature arising from the change in SAP would likely impact the

retrospective distribution of unrealised efficiency scores. Figure 2.3 illustrates the distri-

bution of current and potential efficiency scores either side of the change in SAP. I compare

two samples: households requesting a new EPC prior to 2012, and households requesting

a new EPC after 2012. Plotting the distribution of current efficiency scores shows no

discernable differences between households requesting EPCs either side of 2012. The dis-

tribution is similar in shape, but for a larger proportion of properties obtaining a rating of

D after 2012. Such differences could be attributed to households making energy efficiency

improvements, but the change in SAP does not appear to generate any significant effects.

Changes in potential energy efficiency are more profound. Households requesting a new

EPC after 2012 have much higher potential, highlighted by the rightward shift in the dis-

tribution. The distribution peaked at a rating of C prior to 2012 compared with a rating of

B after 2012. This corroborates the findings at the mean from Figure 2.2, suggesting that

the effects of the change in SAP affected the underlying distribution of potential efficiency

scores. Such widespread effects provides a good degree of variation in unrealised efficiency.

A concern across the literature is that properties bunch around energy rating bands (de-

picted by the red dashed lines); Sejas-Portillo et al., (2020) most recently observe this,
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finding this to create price premiums for properties in the next rating band. Bunching

is potentially problematic for empirical studies given the endogeneity in household de-

cisions to obtain and remain at efficiency scores close to certain rating bands. In other

words, household decisions to make improvements are likely correlated with unobservable

factors, which further endogenises efficiency scores. Observing the distributions shows

that bunching is not particularly prevalent in either score, from which I conclude that

households are not upgrading for the purposes of just attaining the next rating band.9

Figure 2.3: Continuous Energy Ratings Distribution

NOTES: This figure shows the distribution of current and potential efficiency score for all properties in

the sample for the period prior to the change in SAP (Pre-2012) and for the succeeding period (Post-

2012). Like in the empirical analysis later, I restrict the Post-2012 sample to include four years of data

such that it matches the period prior to the change in SAP.

A similar degree of variation in unrealised efficiency is also evident when observing the

effect of the change in SAP on energy ratings. Figure 2.4 plots all unique combinations of

current-potential ratings within the sample for properties requesting an EPC both prior

to, and after, 2012.

9Bunching in this respect would threaten the validity of the results.

28



Figure 2.4: Energy Ratings Distribution

NOTES: The figure highlights the proportion of properties within the sample that fall into each current-

potential rating band pair. This represents all properties within the repeat sales framework, not just the

latest certificate. Like in the empirical analysis later, I restrict the Post-2012 sample to include four years

of data such that it matches the period prior to the change in SAP.

Each cell contains the percentage of properties in the sample corresponding to

that current-potential rating combination. Properties in the left-hand figure are those

requesting a new EPC prior to 2012, from which we observe a large spread in the ratings.

The majority of households posses a potential rating within the same band as their cur-

rent rating, or in the band above. Large shares of households along the lead-diagonal (low

unrealised efficiency) represents limited ability for properties to make significant energy

efficiency improvements. We also observe a non-negligible proportion of properties that

have potential ratings in bands E and F. In the post-2012 sample, following the change in

SAP, we observe fewer properties in these bands, as the distribution of potential efficiency

scores shifts upwards. A greater proportion of properties obtain a new level of unrealised

efficiency spanning two and three rating bands, providing a greater amount of variation

to be exploited. Econometrically, this is also an important source of variation as energy

ratings provide a stronger, more noticeable signal of a property’s quality at the time of

purchasing – thereby influencing buyer’s price offers.

Finally, I explore how the distribution of unrealised efficiency scores change between EPCs

for two sub-samples of the data: for properties who request an EPC either side of 2012

(SAP Sample), and for properties requesting both EPCs before, or after, 2012 (Non-SAP

Sample). If the change in SAP had disproportionate effects on energy efficiency scores,
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the former would be expected to observe a greater change in unrealised efficiency. Plotting

the result in Figure 2.5 shows this to be the case.

Figure 2.5: Energy Ratings Distribution

NOTES: This figure shows the distribution of the change in unrealised efficiency between EPCs for

all properties in the sample. Negative (positive) values mean that unrealised efficiency has decreased

(increased). Like in the empirical analysis later, I restrict the Post-2012 sample to include four years of

data such that it matches the period prior to the change in SAP.

Households that request new EPCs either side of the 2012 change in SAP exhibit greater

changes in unrealised efficiency relative to households that did not. A greater proportion

of those in the Non-SAP sample experience a reduction in their unrealised efficiency, de-

noting that they are closer to achieving their potential. This is likely due to increases in

current efficiency achieved by undertaking energy efficiency improvements. The distribu-

tion shifts rightward for the SAP sample as households experience smaller reductions in

unrealised efficiency or larger increases. In the majority of cases, this increase in unre-

alised efficiency is greater than 10 points. What is illustrated in this figure matches the

descriptives presented beforehand, that the increase in potential efficiency scores following

the change in SAP brought about a widening of the gap between current and potential
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efficiency scores which ultimately affected the signals to the market.

I present summary statistics in Table 2.5 firstly for the whole sample, but also splitting

the sample between households requesting EPCs before and after 2012. Columns 2 and

3 are of particular interest given the clear distinction between EPCs either side of the

change in SAP. For EPCs after 2012, I restrict the time window to four years, meaning I

only capture properties that upgrade up to and including 2015. The table shows that the

average adjusted price, deflated to 2009 prices and accounting for time-invariant prop-

erty characteristics, differs between the two samples by roughly £10,000 in favour of the

pre-2012 sample. The lower average transaction price following the change in the SAP

suggests the presence of a price discount attributable to the change in SAP methodol-

ogy. Estimates of the post-2012 adjusted price are accompanied by considerably larger

standard deviations, suggesting that some properties were gaining significantly more than

others. This could be explained by the growth in potential efficiency between the two

sample. Potential efficiency scores are much larger after 2012, growing by an average of

15 points. Changes in current efficiency between the two samples are minimal, as expected

from the evidence in the descriptive statistics. Together, this provides the variation out-

lined in the previous subsection whereby unrealised efficiency grew between samples at

an average of 12 points – with a much larger spread across the distribution. Growth in

unrealised efficiency could produce an opposing effect on prices, whereby buyers discount

their property bids in response to financing extra energy efficiency improvements. That

unrealised efficiency grew at such a rate makes me confident that I can use this variation

in the estimation of price effect, which have been shown here to be ambiguous.

Reassuringly for the empirical strategy, there appears to be no economically significant

differences in property structural characteristics between samples with respect to the size

and number of rooms. I am confident that differences between the samples do not arise

as a result of changes in the SAP. Furthermore, we see no differences in the energy cost

reported in the EPCs between samples. Energy cost is reported separately by utility

to which I sum the cost of heating, hot water and lighting. Limited differences at the
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mean provides further evidence that the change in SAP had isolated effects on potential

efficiency scores – otherwise we would observe changes in current efficiency and the benefit

of lower energy costs.

Table 2.5: Summary Statistics

(1) (2) (3)

All Observations EPCs Before 2012 EPCs After 2012

Price 236,379 215,181 241,856

(159,034) (135,419) (164,727)

Adjusted Price 291,426 301,948 282,738

(157,627) (135,615) (164,715)

Current 58 56 59

(13.2) (14.7) (12.7)

Potential 75 66 81

(11.2) (11.9) (8.0)

Unrealised 17 10 22

(11.3) (7.8) (12.0)

Floor Area 91 91 92

(41.6) (40.0) (39.0)

No. rooms 4.6 4.6 4.6

(1.5) (1.6) (1.4)

Energy cost 1,000 994 985

(461) (481) (454)

Observations 293,584 92,352 91,288

NOTES: Standard deviations in parentheses. The table presents the unconditional means

after removing the top and bottom percentile of properties along the price distribution, and

using all properties in the sample. This serves to remove the impact of outlier observations

on capitalisation rates. Floor areas is measured in m2 and energy cost is measured as the

GBP value of hot water, lighting, and heating utilities. Like in the empirical analysis

later, I restrict the Post-2012 sample to include four years of data such that it matches

the period prior to the change in SAP.

2.4 Empirical Strategy and Results

The main focus of this chapter is to explore the effect of an increase in unrealised efficiency

on property prices, under the a-priori that this leads prospective buyers to discount their

bids in anticipation of financing greater improvements. To benchmark these results, I

supplement the 2SLS results with a set of results from a standard fixed effects model. I

further run the same fixed effects model to explore the capitalisation of current efficiency

into property prices, which serves as a grounds for further comparison. I conclude the
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section by undertaking a set of heterogeneity analyses.

2.4.1 A Fixed Effect Approach to Estimating Current and Unrealised Capi-

talisation

I begin by estimating the capitalisation of an increase in both current and unrealised

efficiency scores into property prices. Previous studies have only estimated the former,

using a variety of methods – the most popular being fixed effects and first differencing (see

Fuerst et al., (2015); Fuerst et al., (2016); Cajias and Piazolo, (2013)). Given the balanced

panel adopted in this chapter, the two methods are equivalent. Researcher justify adopting

a fixed effects approach by arguing that the model differences out common, time-invariant

factors that may bias the estimation. Such factors include property construction age and

build type. Furthermore, it is assumed that this differences out other factors impacting

both property prices and energy efficiency scores, such as cosmetic home improvements

(for example, the installation of new doors, carpets, flooring, or upgrading walls). These

improvements are not observable within traditional datasets and will likely add value to a

property whilst also increasing energy efficiency. Inappropriate controls for these features

will ultimately introduce bias. Under the assumption that households do not make further

home improvements between EPC inspections, this approach identifies the causal effect

of an increase in current and unrealised efficiency scores on property prices. I estimate

the model using the following specification

Pit = β0 + β1E
C
it + β2E

U
it + β3tfait + ϕi + λt + Γkt + ϵit (5)

After log-transforming the variables, I regress the log of property price on the log of current

efficiency scores (EC
it ). The coefficient β1 captures the impact of an increase in the cur-

rent efficiency score between certificates on the property price. Estimates of capitalisation

are conditional on a property-level control for the total floor area (tfait) which captures

changes in the size of the property between sales (this is preferred to controlling for the

number of rooms, which is often suppressed/not captured within the data). I further

condition on a number of fixed effects across two different specifications. In a first specifi-

cation, I control for property and year fixed effects (ϕi and λt, respectively). Captured by
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the property fixed effects are those time-invariant factors affecting both price and energy

efficiency, such as construction age and build type. It further provides a granular control

for the property’s location. Including year fixed effects controls for factors affecting the

decision to sell within a given year, such as favourable market conditions or news/market

shocks. In a second specification, I remove year fixed effects in favour of Location×Year

fixed effects. Research in the field of urban economics recognises that neighbourhoods

gentrify over time as richer households enter neighbourhoods in search of better amenities

(Guerrieri et al., 2013; Couture et al., 2019). A similar trend may be present here in the

form of home improvements in wealthier neighbourhoods. To the best of my knowledge,

this has not been included in previous research, nor has it been acknowledged as a re-

quirement. Including the dynamic fixed effect captures the time-variant factors affecting a

location’s attractiveness which may derive from a greater number of home improvements

locally, and whose effects may be akin to those of gentrification. Such effects make areas

more appealing for buyers, which increase local prices. Controlling for location dynamics

seeks to eliminate the bias that may arise from such effects.

The regression in Eq.(5) represents a standard fixed effects model used within the liter-

ature, but for the inclusion of unrealised efficiency (EU
it ), which I omit in different spec-

ifications to produce replicable results. Identification of the effect arises from exploiting

within-property variation in energy efficiency scores while holding other characteristics

of the property constant. Though, this assumes that the unobservable, underlying struc-

tural characteristics of the property do not change between sales. If these characteristics

do not change, one can assume that the property in the second sale is cosmetically and

structurally similar to the first sale, meaning the only change is in the energy efficiency

score. One can then attribute the causal effect of a change in current and unrealised

efficiency on prices to the coefficients β1 and β2, respectively. To date, the literature

has not provided a credible approach to account for a property’s investment potential.

While two properties may have the same current, they may very different potential ef-

ficiency, and so buyers interested in adding value may pay more to secure the property

with greater potential. In this case, higher price originate from the potential and not
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the current efficiency, leading to bias if this is inadequately controlled for. I therefore

augment the two specifications with a control for unrealised efficiency to capture a prop-

erty’s investment potential and comment on the effects of the resulting capitalisation rate.

Estimates from the fixed effects specifications are presented in Table 2.6. I split the

estimates by specification, whereby Panel A represents the model inclusive of property

and year fixed effects, while Panel B is inclusive of property and Location×Year fixed

effects. Column 1 presents results from a regression of property price on the change in

current efficiency scores alone. Inclusive of the respective set of fixed effects, estimates

of the capitalisation rate between the two specifications are identical, suggesting that a

10% increase in current efficiency scores between sales generates a 1.7% increase in prop-

erty prices. I recreate the same specification in Column 2 but for unrealised efficiency

scores. Estimates of the capitalisation rate are also similar between specifications, ranging

between -0.54% and - 0.51%. However, they differ in that the coefficients are negative,

suggesting that buyers discount their property bids in response to an increase (of 10%)

in unrealised efficiency. As the property requires greater financing to achieve its poten-

tial, price falls. Column 3 merges the two specifications together without time-variant

controls for property quality. Both capitalisation rates fall. Current capitalisation falls

to around 1.5%, while unrealised capitalisation falls to around -0.3%. Upon including

controls for the property’s total floor area in Column 3, I arrive at the specification most

closely aligned with the literature. Estimates of the capitalisation rates are most stable

here between specifications, with a current capitalisation rate of 1.35% and an unrealised

capitalisation rate of -0.25%. Unrealised capitalisation is more than 5x smaller in absolute

terms than the current capitalisation rate. The two differ subtly in what they measure:

current capitalisation captures how buyers value the improvements installed by previous

owners, whereas unrealised capitalisation captures how buyers value the same improve-

ments when they are yet to be installed. Results from this exercise show that buyers

place a much lower value on the same improvements when they themselves are required

to install them. This points to a central issue in the literature whereby households do not

like making their own energy efficiency improvements, pointing to issues around the low
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uptake of retrofitting activities.

Results from Table 2.6 represent the first estimates of unrealised capitalisation, capturing

how buyers value energy efficiency gains in the future. This is significantly lower than

the estimate of current capitalisation, which is similar to that of the literature and repre-

sent a midpoint of that estimated in two leading studies: Fuerst et al., (2015) estimate a

capitalisation rate of 1% using a similar fixed effects approach, while Aydin et al., (2020)

estimate the rate at 2.2% using an instrumental variable approach. That the result aligns

with previous studies is reassuring and provides this chapter with a good comparator

when estimating capitalisation from unrealised efficiency.

An issue with the fixed effect approach is that one must make a number of assumptions

– mainly, that property quality remains constant. If this were true, then the property

fixed effect would perfectly capture property quality. However, it is much more realis-

tic to assume that buyers make other property improvements between EPCs that affect

the cosmetic appearance of the property. This introduces endogeneity into the estima-

tion, as cosmetic improvements are likely capitalised into property prices whilst inherently

contributing to the property’s energy efficiency score. Changes such as these are unob-

servable in traditional datasets and cannot be adequately controlled for, making it difficult

to identify causality within a traditional two-way fixed effects approach. I instead opt for

a 2SLS to estimate the unrealised capitalisation rate that I then compare with estimates

for current capitalisation presented above according to the standard literature definition.
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Table 2.6: Fixed Effects: Current Capitalisation

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

Panel A: Baseline Fixed Effects

Current 0.172*** 0.154*** 0.134***

(0.003) (0.003) (0.003)

Unrealised -0.054*** -0.030*** -0.026***

(0.001) (0.001) (0.001)

Floor Area 0.261***

(0.006)

R2 0.621 0.592 0.629 0.658

Observations 98,262 98,262 98,262 98,262

Panel B: Location×Year Fixed Effects

Current 0.168*** 0.150*** 0.133***

(0.003) (0.003) (0.003)

Unrealised -0.051*** -0.028*** -0.024***

(0.001) (0.001) (0.001)

Floor Area 0.241***

(0.006)

R2 0.986 0.985 0.987 0.988

Observations 98,262 98,262 98,262 98,262

NOTES: Standard errors clustered at the property level in parentheses.

The baseline model in Panel A includes property and year fixed effects,

while Panel B includes property and Location×Year fixed effects. All

terms are log-transformed, with both sets of regressions including a fur-

ther control for property floor area. I restrict the Post-2012 sample to

include four years of data such that it matches the period prior to the

change in SAP. * p < 0.05, ** p < 0.01, *** p < 0.001

2.4.2 A Two Stage Least Squares Approach to Estimating Unrealised Capi-

talisation

I now set out the approach to estimating the true causal effect of an increase in unre-

alised efficiency on property prices. I adopt a Two Stage Least Squares approach that

accounts for the endogeneity present in unrealised efficiency scores (detailed in the above

sections). The exogenous component of the change in unrealised efficiency between EPCs

is obtained by exploiting the exogenous change in SAP methodology and the differential

effects this had on current and potential efficiency scores.

Identification of Changes in Unrealised Efficiency As previously mentioned, fixed
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effect models suffer from an inability to control for the time-variant improvements made

between sales – especially those that impact on both a property’s value and its energy

efficiency. Without sufficient data on said improvements, a fixed effect model will always

be an inadequate causal estimator. A further challenge in obtaining causality arises from

the way in which unrealised efficiency is measured. We know from Eq.(4) that unre-

alised efficiency is a function of two endogenous variables, current and potential efficiency

scores. Traditional approaches to isolating exogenous variation in unrealised efficiency

would involve finding exogenous treatments for both variables. To circumvent this prob-

lem, I exploit the change in SAP methodology in 2012 as an exogenous shock that had

differential impacts on both scores. Figure 2.2 illustrates the sudden increase in poten-

tial efficiency scores, coupled with stagnation in current efficiency scores. Identification

of unrealised efficiency arises exclusively from changes in potential efficiency – which I

show in the previous section to arise from technological advancements in energy efficiency

measures. We can therefore express changes in unrealised efficiency purely as a function

of changes in potential EU
it : fn

(
EP
it , E

C
it

)
→ fn

(
EP
it

)
. This is completely exogenous to

the household and is determined the the assessing engineer.

By isolating changes in current efficiency scores, I exploit the panel structure of the dataset

to write post-2012 potential efficiency scores as

EP
i2 = EP

i1 + U2012

For properties requesting an EPC either side of 2012, potential efficiency in the second

sale is equal to that of the first sale plus any change arising from the change in SAP

(U2012) – which serves as the exogenous shock. Rearrange this shows that the change

in SAP should be equal to the difference in potential efficiency scores between the two

EPCs. The change in SAP should then account for the full change in potential efficiency

between the two certificates.

U2012 = EP
i2 − EP

i1

U2012 = ∆EP
i (6)
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I corroborate this feature of the shock with Figure 2.2 that shows the change in unrealised

efficiency is practically equivalent to the change in potential efficiency. Taking Eq.(6), we

can express this as U2012 = ∆EU
i . This is important for identification, as changes in poten-

tial efficiency are exogenous to the household and cannot be manipulated, and therefore

should not be correlated with household- or property-level unobservables. Identification

hinges on the change in potential arising from the change in SAP, whilst being uncorre-

lated with changes in property fundamentals. This precludes within-property variation

in property quality and limits any confounding effects. It is therefore plausible that the

change in SAP is an exogenous event and can be used to instrument for unrealised effi-

ciency scores.

The mechanics presented above represent a stylised view of the effects driving changes

in potential efficiency scores. Though the instrument is unlikely to be correlated with

unobservables, concerns that it may fail to capture the entire change in potential effi-

ciency remain. Changes could arise through factors such as current efficiency, structural

characteristics, or even measurement error. If this were the case, we could rewrite the

identity as

EP
i2 = EP

i1 + U2012 + εi

Where εi captures other factors contributing to the change in potential efficiency. Rear-

ranging the equation above shows that changes in potential efficiency scores arising from

the SAP change could be confounded by this error

U2012 + εi = ∆EP
i

U2012 = ∆EP
i − εi

I use this unique setting to test for the presence of error in the estimation. Specifically,

I estimate a separate 2SLS model with a different instrumental variable to explore the

sensitivity of the estimates. Where U2012 represents the initial instrument, I interact this

with another exogenous variable θ to obtain a new instrument θU2012; doing so returns
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the following identity

θU2012 = θ∆EP
i − θεi

This approach tests whether the change in unrealised efficiency following the SAP is

confounded by other factors, a feature that would then change the capitalisation estimates.

If it were not confounded, one would expect no error εi = 0, meaning we would obtain

the same results as if we estimated the original equation in Eq.(6)

θU2012 = θ∆EP
i

U2012 = ∆EP
i

One would expect the results between specifications to change very little, showing the

change in SAP to be a strong instrument for identifying changes in unrealised efficiency.

The observed changes in potential efficiency following the change in SAP should be ex-

ogenous, with variation in magnitudes across properties being as good as random. I show

in Appendix A.3 that this change in potential occurs across all property types with simi-

lar magnitudes at the mean, suggesting that the treatment is not exclusively determined

by particular property characteristics Furthermore, flats also experience an increase in

potential efficiency, irrespective of their limited scope for energy efficiency improvement,

meaning that the change in recommendations were not targetting properties with any

underlying potential for improvement. Identification comes from properties that request

EPCs either side of 2012. Using within-property variation around the SAP, I identify the

effect of changes in unrealised efficiency on property prices against the counterfactual that

unrealised efficiency remained constant. Two features of the empirical strategy allow me

to achieve this. First, there is little change in current efficiency scores, meaning that the

property’s characteristics in the present-day do not change. Given this, the property’s

quality and efficiency should not change between EPCs either-side of 2012, conditional

on the property not making their own improvements.10 Secondly, there should be no

10Controls for current efficiency scores within the regressions account for this, as energy efficiency
improvements are unobserved within the dataset.
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changes in a property’s structure or underlying potential between certificates, given that

changes in potential efficiency are driven by changes in recommendations pertaining to

SAP; the instrument instead identifies a change in the signalling of potential between

certificates. Using this empirical strategy in this context should ensure that the only

difference between a property at two different EPC inspections is related to changes from

the SAP. The instrument is therefore driven by exogeneity, firstly, in the timing and form

of technological innovations. There are no signs that bunching occurs, whereby a mass of

households flock to certify their property after 2012 (see Appendix A.2). Bunching would

only be expected in the event that households could pre-empt the change in SAP and

the anticipated benefits of certifying their properties retrospectively. Secondly, exogene-

ity arises from idiosyncratic variation in the types of recommendations put forward by

assessing engineers. Individuals cannot manipulate either their potential or their under-

lying potential in order to benefit from specific recommendations, making the instrument

exogenous to household behaviour. This can be seen by coverage of the treatment across

all property types.

I now estimate how changes in unrealised efficiency are capitalised into property prices.

Unrealised efficiency is instrumented for using two separate instrumental variables. Firstly,

I use the sharp and discontinuous change in potential efficiency scores arising from the

change in SAP in 2012. I employ this in an IV-RDD style framework, with the instrument

taking a binary form (1.U2012). Secondly, as a sanity check to verify that the SAP change

captures well the exogenous change in unrealised efficiency (confirming that Eq.(6) holds),

I interact this binary SAP variable with the property’s potential efficiency scores at the

first EPC (1.U2012×EP
i1). Given that the change in unrealised efficiency should arise from

changes in potential efficiency alone, this provides a good test for the validity of the SAP

instrument. Both instruments should isolate the change in unrealised efficiency arising

from change in potential efficiency as a result of the change in SAP. The second stage can

be written as follows

log(Pit) = φÊU
it +X ′

itα + ϕi + λt + Γkt + ϵit (7)
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I regress the log of property prices for property i at time t on the exogenous component

of unrealised efficiency and a set of property-level control variables (Xit) – including the

total floor area and the current efficiency score. Controlling for the latter ensures that

I account for any home improvements that may have taken place between EPCs and

which I cannot observe. Failure to do so would risk biasing the estimates. Furthermore,

by keeping current efficiency fixed within the regression means I’m able to explore just

the effect of an increase in potential on property prices. Two separate specifications are

estimated, like in the fixed effects models: one specification controls for property and

year fixed effects (ϕi and λt), while the other controls for property and Location×Year

fixed effects (ϕi and Γkt). The latter controls for any time-variant unobservables affecting

a locality’s attractiveness; this may increase, given that we’re observing properties who

suddenly become more attractive for investment.

The coefficient of interest is φ which tells us the percentage change in property prices

following a unit-percent increase in unrealised efficiency arising from the change in SAP.

Conditioning on property-level characteristics, and exploiting within-property variation,

the coefficient tells us the extra value buyers place on the same property following an ex-

ogenous change in its potential efficiency score. We therefore make the assumption that

property characteristics and its underlying investment potential remain the same between

certificates.

Table 2.7 presents results from the exclusion test for both instruments. I refer to the

respective instrument in the table as Z, which corresponds to binary SAP variable in

Columns 1-3 and the binary SAP variable interacted with the potential efficiency score

from the first EPC in Columns 4-6. Columns 1 and 4 represent the results naive cross-

sectional specifications without fixed effects. Both estimates show the instruments to

be correlated with property prices, returning negative and statistically significant coeffi-

cients. The instrument on its own is not excludable from the second stage regression, as

it directly affects price. Property prices are notoriously sensitive to fluctuations within

the market, and with regards to property aesthetics – the latter, I expect, drives these

42



results. Augmenting this specification with property and year fixed effects in Columns 2

and 4 removes the correlation – although the instrument is borderline statistically signif-

icant in Column 2. This approach controls for property-level unobservables like property

aesthetics, age, build type, and property type, capturing features that also affect price.

I argue that this combination of fixed effects omits important dynamics that come with

an increase in potential efficiency, like those akin to gentrification. In this vein, I include

Location×Year fixed effects to account for time-variant unobservables that make an area

more attractive over time. If properties upgrade en-masse within an area, this would

create a local amenity that likely causes local prices to appreciates. I present the results

in Columns 3 and 6 and take the estimates as the preferred specifications moving forward

into the estimation. Both columns show that both instruments do not have a structural

relationship with property prices and therefore should not bear significance in the second

stage equation. I therefore control for property-level time-invariant characteristics, as well

as neighbourhood-level time-variant characteristics within the main IV specification.

Table 2.7: Instrument Exclusion Tests

(1) (2) (3) (4) (5) (6)

U2012 U2012 × EP
i1

Z -0.0736*** -0.0113* -0.0102 -0.0438*** -0.0020 -0.0013

(0.0130) (0.0040) (0.0052) (0.0030) (0.0011) (0.0012)

Observations 98,262 98,262 98,262 98,262 98,262 98,262

Property FE ✓ ✓ ✓ ✓
Year FE ✓ ✓
Location×Year FE ✓ ✓

NOTES: Standard errors clustered at the property level included in parentheses. All specifications are

inclusive of second-order polynomials of the running variable (EPC inspection year), with the dependent

variable being property price log(Pit). All terms are log-transformed, with both sets of regressions includ-

ing a further control for property total floor area and the current efficiency score. I restrict the Post-2012

sample to include four years of data such that it matches the period prior to the change in SAP. Full

results are presented in Appendix A.3. * p < 0.05, ** p < 0.01, *** p < 0.001.

I argue that the instrument is both valid and excludable conditional on controlling for

these time-invariant unobservables, as some properties benefit more from the change in

SAP than others due to reasons unknown. For example, property age is captured by

the property fixed effect, but would otherwise determine the extent to which better tech-
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nological improvements are recommended.11 Capturing such features ensures that the

probability of receiving the treatment is not endogenous. Failure to control for these

features would otherwise create heterogeneous effects that become baked into the error

term. As well as ensuring the instrument is excludable, we must also be confident that

it is exogenous. Earlier results from Table 2.2 highlight the exogeneity of the change in

potential efficiency, showing that the change arose from variation in recommendations put

forward by assessing engineers. This is out of the control of households and is not driven

by property characteristics – as shown in Appendix A.3 by the discontinuity in potential

efficiency scores across all property types. I am confident then that the empirical strategy

adopted here is a robust causal estimate of the capitalisation of unrealised efficiency.

Results from the 2SLS specifications are presented in Table 2.8. Estimates presented in

even-numbered columns include dynamic controls for neighbourhood quality and represent

the preferred specifications. In Columns 1-2 I instrument for unrealised efficiency using

the binary indicator for the change in SAP. Estimates from the preferred specification

in Column 2 show that a 10% increase in unrealised efficiency leads to -0.155% decrease

in property prices. This is statistically significant at all conventional levels, but with

limited economic significance owing to the small price effects. Column 1 differs in its

omission of Location×Year fixed effects. Estimates do not differ greatly, placing the

capitalisation rate at a marginally higher -0.165%. This provides strong evidence that the

change in potential efficiency scores is not correlated with neighbourhood-level factors.

Both estimates benefit from high F-statistics, suggesting that the relationship between the

SAP change and potential efficiency scores is strong – satisfying the IV’s relevance criteria.

I now turn my attention to the results using the second instrumental variable. I use the

results in this specification to explore whether the estimates are confounded due to the

choice of instrument. The point estimates in the preferred specification in Column 4 show

that the results barely change, moving from a capitalisation rate of -0.155% in Column 1 to

-0.153% (I re-estimate both specifications including and excluding current efficiency scores

in Appendix A.4, showing the importance of controlling for current efficiency). That the

two are identical provides reassurance that the choice of instrument is not driving the

11For example, older properties may be less likely to support more modern technologies.
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results. The capitalisation rate following an increase in unrealised efficiency is the result

of changes in the SAP methodology.

Table 2.8: Unrealised Efficiency Capitalisation: 2SLS Results

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

U2012 U2012 × EP
i1

Second Stage

Unrealised -0.0164*** -0.0155*** -0.0188** -0.0153*

(0.004) (0.005) (0.006) (0.007)

First Stage

Z 1.110*** 1.113*** 0.171*** 0.172***

(0.023) (0.028) (0.006) (0.007)

F Statistic 2,660 3,833 1,101 1,598

Property FE ✓ ✓ ✓ ✓
Year FE ✓ ✓
Location×Year FE ✓ ✓
Observations 98,262 98,262 98,262 98,262

NOTES: Standard errors are clustered at the property level. All specifications

are inclusive of second-order polynomials of the running variable (EPC inspection

year). All terms are log-transformed, with both sets of regressions including a

further control for property total floor area and the current efficiency score. I

restrict the Post-2012 sample to include four years of data such that it matches

the period prior to the change in SAP. Full results presented in Appendix A.5. *

p < 0.05, ** p < 0.01, *** p < 0.001.

Unrealised efficiency captures the distance a property is from achieving its potential. This

represents the central goal of the energy performance directive, yet buyers attribute little

value to it. Capitalisation is negative, suggesting that buyers discount their property bids

in response to an increase in unrealised efficiency. In essence, a property with increasing

unrealised efficiency (post change in SAP) requires additional energy efficiency improve-

ments to attain potential at an extra cost to the buyer. Buyers wanting to undertake

improvements therefore bid less for the property in order to unlock greater finance. The

estimate of unrealised capitalisation of -0.15% represents φ in Eq.(7), which I show to be

robust across specifications. This estimate is significantly lower in absolute terms than

the estimate of the current capitalisation rate of 1.3% estimated in the Table 2.6.12 Cur-

rent capitalisation captures how buyers value the improvements already undertaken, as

12The current capitalisation rate is estimated to be as low as 0.45% in Cajias and Piazolo, (2013)
and as high as 2.2% in Aydin et al., (2020). Both still represents a stark deviation from the unrealised
capitalisation rate estimated here.
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buyers bid on properties with recent energy efficiency improvements. On the other hand,

unrealised capitalisation captures the value of work yet-to-be undertaken, as we observe

properties with a greater divergence between current and potential efficiency. This is an

important distinction that explains the results. Buyers place a greater value on energy

efficiency improvements when they do not have to install the measures themselves. If this

were not the case, we would see an equal, or even larger, unrealised capitalisation rate

that would account for the monetary and non-monetary costs associated with installing

the same improvements.

To see how small the capitalisation rate is, the average property in the sample with an

average price of £261,349 would be discounted by just £392 following a 10% increase in

unrealised efficiency. The same property experiencing a 10% increase in current efficiency

would be capitalised by £3,400. While the results suggest that buyers place higher value

on existing improvements, they also suggest that buyers are less willing to undertake their

own improvements, unless they finance through means other than discounting the price

of the property.

A drawback of the standard log-specified models is that point estimates are difficult to

interpret when observations belong to heterogeneous groups. In the case of EPCs, each

property has an energy efficiency score that assigns them to an energy rating, but each

band varies by size with respect to its range (see Appendix A.1). Therefore, a one-percent

increase in the energy efficiency score of a property in rating band B is much larger than

for a property in rating band E – leading to a non-standard interpretation of the baseline

estimates. To ease interpretation, I standardise the regression inputs and dependent

variable in Eq.(7) such that they have a mean of 0 and a standard deviation of 1. Doing

so makes the point estimates easier to interpret. I employ the same specification of control

variables and fixed effects and present the results in Table 2.9.
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Table 2.9: Unrealised Efficiency Capitalisation: Standardised 2SLS Results

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

U2012 U2012 × EP
i1

Second Stage

Unrealised -0.043*** -0.028** -0.089*** -0.047*

(0.009) (0.009) (0.022) (0.021)

First Stage

Z 1.208*** 1.112*** 0.119*** 0.119***

(0.019) (0.023) (0.005) (0.006)

F Statistic 3,259 4,625 616 902

Property FE ✓ ✓ ✓ ✓
Year FE ✓ ✓
Location×Year FE ✓ ✓
Observations 98,262 98,262 98,262 98,262

NOTES: Standard errors are clustered at the property level. All variables

have been standardised, including the dependent variable which captures the

property price. All specifications are inclusive of second-order polynomials of

the running variable (EPC inspection year). All terms are log-transformed,

with both sets of regressions including a further control for property total floor

area and the current efficiency score. I restrict the Post-2012 sample to include

four years of data such that it matches the period prior to the change in SAP.

* p < 0.05, ** p < 0.01, *** p < 0.001.

Like in the previous 2SLS results, even-numbered columns include Location×Year fixed

effects. Estimates using the SAP instrument alone are captured in Columns 1-2, while es-

timates using the SAP instrument interacted with potential efficiency at the first sale are

captured in Columns 3-4. Across the board, the coefficients remain negative and statisti-

cally significant; buyers discount their property bids when unrealised efficiency increases.

However, the estimates change significantly in magnitude both between fixed effects spec-

ifications and IV specifications. In the preferred specification in Column 2, estimates

show that a 1 s.d increase in unrealised efficiency leads to a 0.028 s.d decrease in property

prices, whereas in the Column 1, this decrease is around 0.04 s.d upon including property

and year fixed effects. A 1 s.d increase in unrealised efficiency is equivalent to 10.8 points

– equivalent to the size of rating band C – generating a £4500 and £6,700 decrease in

property prices, respectively. These results are indicative of the discounts buyers apply

when their distance from potential increases by close-to a whole rating band. Estimates

from Column 4 are very similar, though the interacted instrument is not as strong in this

example – explained by the significantly lower F-statistic. That being said, for the pre-
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ferred specification, we estimate generally the same discount of around £6,700 following

an increase in unrealised efficiency by nearly an entire rating band. If the market was

perfect and buyers priced in the entire cost, this is expected to be equivalent to the cost

of lifting the property up an entire band (i.e. the cost of undertaking the recommended

improvements).

A benefit of this approach is that it provides an estimate of the monetary value of the

price discount following an increase in unrealised efficiency that is standard across the

entire distribution (in this case, a 10.8 point increase). Column 2 provides estimates

for the preferred IV and preferred fixed effects specification, suggesting that prices are

discounted by around £4,500 following the increase in potential efficiency after the change

in SAP. This is a non-negligible amount, and one that calls into question the validity of

estimates from other studies that fail to acknowledge the heterogeneous effects arising

from this change. Such a large price discount following a large increase in potential begs

further questions, particularly around the price effects of larger changes in unrealised

efficiency. I now move onto explore the heterogeneous effects.

2.5 Heterogeneity Analysis

Heterogeneous Effects by Recommendation Type: Estimates of the unrealised

capitalisation rate are low and show that buyers place little value on making their own

energy efficiency improvements. However, these results are estimated at the mean and

likely mask a lot of heterogeneity – particularly with respect to the types of improve-

ments and their respective costs. I first explore the extent to which variation in the cost

of implementing different recommendations affects the overall unrealised capitalisation

rate. I create three different measures of recommendation costs, capturing the cost of

i) implementing all recommendations, ii) implementing invasive vs non-invasive recom-

mendations, and iii) implementing recommendations requiring work within the property’s

interior vs exterior. The first type is a catch-all measure identifying the cost of under-

taking all recommended improvements. The second defines invasive recommendations as

those requiring the household to alter their way of living while the improvements are
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installed. Non-invasive recommendations capture everything else. Finally, the third type

captures the same thing to an extent, but offers a looser definition whereby all interior

work is classified as invasive. Estimating unrealised capitalisation following a change in

the respective costs allows me to explore how buyers perceive different types of improve-

ments and the value they place on different types of recommendations. I estimate an

augmented version of Eq.(7), whereby I interact unrealised efficiency scores with the cost

of each recommendation Cτit of type τ .

log(Pit) = φÊU
it ×Cτit +X ′

itα + ϕi + λt + Γkt + ϵit (8)

Results can be interpreted as the unrealised capitalisation rate following a unit-increase

in the respective recommendation cost. Results for the unrealised capitalisation rate fol-

lowing a change in recommendation costs are presented in Table 2.10 under the 2SLS

specification. All recommendation costs are measured in £000s. In Column 1 I interact

the unrealised efficiency score with the cost of installing all recommendations. Estimates

show that for the same level of unrealised efficiency, a £1000 increase in recommendation

costs leads to a price discount of around -0.17%, suggesting that a greater financing re-

quirement to reach potential leads buyers to bid lower. Intuitively, this is to be expected as

households reserve finances in order to undertake energy efficiency improvements. Turning

to the marginal effect following an increase in unrealised efficiency, the increase in total

recommendation costs dampen the marginally positive capitalisation rate. The marginal

effect is effectively zero upon accounting for recommendation costs, suggesting that the

increase in recommendation costs following an increase in potential efficiency is actually

driving the price discounts. Evidence from Column 1 suggests that the baseline effect in

Table 2.8 is driven by a shock in the types of recommendations put forward in EPCs and

is not the result of some form of arbitrage.
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Table 2.10: Unrealised Capitalisation by Recommendation Costs

(1) (2) (3)

Unrealised 0.0031 -0.0260** -0.0260**

(0.0080) (0.0093) (0.0094)

Unrealised×Total -0.0017***

(0.0003)

Unrealised×Invasive -0.0058***

(0.0002)

Unrealised×Non-Invasive 0.0025***

(0.0005)

Unrealised×Indoor -0.0040***

(0.00026)

Unrealised×Outdoor 0.0028***

(0.00056)

Property FE ✓ ✓ ✓
Location×Year FE ✓ ✓ ✓
Observations 75,206 75,206 75,206

NOTES: Standard errors are clustered at the property level. All specifica-

tions are inclusive of second-order polynomials of the running variable (EPC

inspection year). Unrealised captures the log of unrealised efficiency. Total

(i), Invasive and Non-Invasive (ii), and Indoor and Outdoor (iii) all refer to

the costs of recommendations across the three variations listed in the text

above. Costs are measured in £000s. All terms are log-transformed – with

the exception of recommendation costs – with both sets of regressions includ-

ing a further control for property total floor area and the current efficiency

score. I restrict the Post-2012 sample to include four years of data such that

it matches the period prior to the change in SAP. * p < 0.05, ** p < 0.01,

*** p < 0.001.

Column 2 explores the effect of an increase in recommendation costs for invasive and non-

invasive recommendations – the former being those that require a household to adjust

their daily life in order to accommodate the improvement. The estimated coefficient for

unrealised efficiency is negative and statistically significant like in the baseline capitalisa-

tion estimates. Failing to account for the total cost like in the previous column makes this

so, suggesting once more that price discounts are driven by this cost. An increase in the

cost of invasive recommendations extenuate the price discount, meaning buyers further

lower their price bids in anticipation of undertaking improvements that disrupt their daily

lives. A component of this likely comes from a non-monetary cost associated with this

disruption, whereby buyers require compensation to install such improvements. However,

the coefficient on non-invasive improvements is positive and statistically significant, sug-
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gesting that an increase in the cost installing such improvements actually reduces the

discount. Both results point to the willingness of buyers to implement the easier and less

disruptive recommendations, but a lack of willingness to implement those that are more

disruptive to their lifestyle. The difference between the two coefficients is tantamount to

the non-monetary costs of the lifestyle change associated with the installation of inva-

sive energy efficiency improvements (which is negative). Finally, in Column 3, I explore

whether capitalisation varies by whether the recommendations can be installed externally

or whether it requires entry into the property. I employ this as a less rigid categorisation

of invasiveness to see whether the results change. A similar pattern to before holds for

the estimate of unrealised capitalisation, with a negative and statistically significant coef-

ficient which increases after accounting for the cost of indoor (invasive) recommendations.

That buyers further discount properties upon observing greater costs associated with in-

door improvements is expected and suggests that they require further compensation. A

similar result holds for outdoor (non-invasive) improvements, whereby an increase in their

cost leads to lower discounts. Like before, the difference between the coefficients on the

two interactions is tantamount to a non-monetary of the lifestyle change associated with

the installation of energy efficiency improvements within the property – which is again

negative.

A number of conclusions can be drawn from the results presented above: i) buyers dis-

counting properties with greater unrealised efficiency do so by the value of the improve-

ments required, ii) these discounts are larger when a larger proportion of the recommen-

dation costs are for more invasive improvements, and iii) buyers appear to factor into the

price discount the non-monetary cost of installing home improvements that are associated

with a brief change in lifestyle. These invasive changes, alongside the non-monetary costs,

exacerbate the price discounts for properties with greater unrealised efficiency. Even after

accounting for these factors, buyers do not value installed vs yet-to-be installed improve-

ments in the same way. Estimates from this analysis suggest that buyers would still

underinvest in energy efficiency improvements moving forward.
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Heterogeneous Effects by Distance to Potential Rating: Evidence presented in

Section 2.3 shows that potential efficiency scores increased by an average of 15 points after

the change in SAP. This may have lead to properties changing potential efficiency rating

band in some instances. I show in the previous results that increasing the unrealised

efficiency score causes households to drive down their property bids as the difference

between current and potential efficiency scores diverge. I now explore whether the same

relationship holds when energy ratings diverge, and whether the effect is heterogenous

with the magnitude of divergence. Research into the heuristics finds that simpler labelling

strategies are often the most noticeable – this extends to the energy efficiency literature

(Sejas-Portillo et al., 2020). If we observe properties whose potential moves further away

from their current rating band after the change in SAP, this could have implications on

property prices – particularly if energy ratings are more salient than the scores. I estimate

the following extension of the 2SLS regression in Eq.(7)

log(Pit) = φÊU
it ×Nit +X ′

itα + ϕi + λt + Γkt + ϵit (9)

Where Nit =
∑G

P=A

∑G
C=A 1.[E

P
it > EC

it ] captures the difference between the property’s

current and potential in terms of the number of rating bands, which I interact this with

the exogenous component of unrealised efficiency. A benefit of exploiting within-property

variation means that I am able to estimate whether an increase in the number of bands

between current and potential leads to significant price discounting, conditional on con-

stant property quality after the change in SAP. A property whose distance to potential

grows between EPCs would be expected to experience greater price discounts. I plot the

marginal effects from the above regression in Figure 2.6. Plotted on the x-axis is the num-

ber of rating bands between a property’s current and potential rating. The plot shows that

having a current and potential rating in the same band, or having a current rating one-

band below potential, leads to statistically insignificant price effects. Such properties have

fewer improvements to make, and so buyers do not discount their prices in anticipation

of undertaking improvements. Fewer improvements likely translates into fewer profitable

opportunities, and so buyers seem to place little value on investing in these properties.

Being two rating bands away from one’s potential is more important, as buyers discount
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property price by an extra 1%. The effect is non-linear, with discounts growing at a faster

rate beyond this point. Properties whose current rating is three and four rating bands

below their potential experience extra discounts of 2.5% and 3.25%, respectively. Buyers

appear more willing to shave pounds off the price as unrealised efficiency grows, but four

rating bands appears to be a minimum point – as by five rating bands below, the price

discount appears to become statistically insignificant. Results from the marginal effects

suggest that there exists a sweet spot in which unrealised efficiency encourages buyers

to shave money off the asking price. Being too close to one’s potential rating suggests

that little can be done to improve efficiency, with fewer prospects of achieving returns to

investment. Being too far away would also make buyers question their returns on invest-

ment but for different reasons – namely, the sheer volume of improvements that would be

required. Buyers seem more willing to discount their bids in anticipation of undertaking

work when the distance from potential is not too large and when achieving potential is

more realistic.
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Figure 2.6: Capitalisation by Distance From Potential Rating Band

NOTES: Estimates represent the unrealised capitalisation rate for each rating band a property lies away

from their potential and are the result of taking the marginal effects following a unit-percent change in

unrealised efficiency. The capitalisation rate is estimated on properties of varying distance from their

potential efficiency, measured as the distance in rating bands between the current and potential efficiency

rating. Unrealised efficiency is log-transformed and includes the same transformation on controls for

property total floor area and the current efficiency score. I restrict the Post-2012 sample to include four

years of data such that it matches the period prior to the change in SAP.

Heterogeneous Effects by Size of Unrealised Efficiency: The previous analysis

measured unrealised efficiency as the number of rating bands between current and po-

tential efficiency, exploring how a growing divergence between the two is capitalised into

prices. A similar analysis can be undertaken using the distribution of unrealised effi-

ciency scores themselves. While moderate levels of unrealised efficiency may incentivise

investment into energy efficiency improvements, large or even small levels may instead act

as a deterrent for different reasons explained above. This hypothesis is consistent with

the results presented in Figure 2.6. To explore this, I deviate slightly from the standard

2SLS due to the structural break in potential efficiency scores arising from the change in

SAP in 2012. Unrealised efficiency scores changed as a result, making them difficult to

compare across the whole sample, requiring a less restrictive sample. In other words, the

top-end of the distribution of unrealised efficiency scores are likely entirely made up of
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properties with EPC inspections post-2012, thereby providing a similar setup to the 2SLS

analysis. It is therefore difficult to produce a reliable distribution for the whole sample

that captures the effects of a change in unrealised efficiency. Instead, I employ a fixed

effects regression using the same specification of control variables and fixed effects as the

previous analyses. This is detailed below.

log(Pit) = φk[U2012 ×Qk × EU
it ] +X ′

itα + ϕi + λt + Γkt + ϵit (10)

The regression differs from the previous analyses in two ways: i) I do not instrument for

unrealised efficiency, and ii) I include the term Qit which splits unrealised efficiency scores

within the sample into quintiles. Splitting into quintiles ensures that we have consistent

bands for use within the regression, meaning we’re comparing properties within the same

intervals of unrealised efficiency scores. I use this variable within a triple interaction term

that interacts with an indicator for the change in SAP U2012 and the unrealised efficiency

score. Interacting with the change in SAP means that I am able to explore the hetero-

geneous effects of a change in unrealised efficiency on property across bands and across

time periods (both before and after 2012). The result is an estimate of the unrealised

capitalisation rate, by quintile, both before and after the change in SAP; whose estimates

are reflected by φk. Adopting a 2SLS approach would not allow me to incorporate this

flexibility and would ultimately generate imprecise estimates. I therefore explore whether

large levels of unrealised efficiency due to changes in the SAP are valued differently to

the large levels of unrealised efficiency prior to the change. Results from estimating the

marginal effects are presented in Figure 2.7.

First comparing between the pre- and post-SAP results, we see no discernable differences

in the point estimates for low-to-moderate levels of unrealised efficiency. For bands 0-5

to 15-25, we get roughly similar estimates suggesting that the change in SAP did not

affect how buyers discount properties with low prospects for improvement. Estimates of

unrealised capitalisation within these bands are not surprising. Properties in the 0-5 band

had little unrealised efficiency both before and after the change in SAP, experiencing very

little change in capitalisation. Properties in the 5-15 band observe a more noticeable,
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but not significant, change whereby post-SAP capitalisation falls. This likely captures

properties who were in the 0-5 band pre-2012 and whose new recommended improvements

are minor with little prospect of returns. While the 15-25 group represent properties with

greater development prospects, we do not observe heterogeneous effects pre- and post-

SAP change. A slightly larger point estimate after 2012 might point to the introduction

of recommendations that were increasing in popularity after 2012, and for which larger

returns to investment were possible.

Figure 2.7: Capitalisation by Distance From Potential Rating Band

NOTES: Estimates represent the unrealised capitalisation rate for each quintile of the unrealised effi-

ciency distribution and are the result of taking the marginal effects following a unit-percent change in

unrealised efficiency. The Pre 2012 point estimate for the band 35+ is positive and significant, but very

large owing to a small sample size. The estimate has been omitted from the figure for ease of inter-

pretation. Unrealised efficiency is log-transformed and includes the same transformation on controls for

property total floor area and the current efficiency score. I restrict the Post-2012 sample to include four

years of data such that it matches the period prior to the change in SAP.

Properties with higher levels of unrealised efficiency observe more noticeable changes in

the form of larger price discounts. Properties in the 25-35 quintile, with high levels of

unrealised efficiency prior to the change in SAP, were not particularly discounted (though,

estimates are noisy). However, after the change in SAP, these properties became heav-

ily discounted. The difference here is that these properties likely had greater potential
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following the change in SAP, after previously being in the lower bands. This suggest

that buyers are much more likely to discount a property when they have expectations of

reaching greater potential. However, if we look at the point estimates for properties with

unrealised efficiency in excess of 35 points, we see that the increase in potential does not

make this group more likely to discount. Like in the previous analysis in Figure 2.6, this

suggests that potential efficiency is important, but only if it is attainable. Estimates from

the figure point to the fact that properties with medium-to-high levels of unrealised effi-

ciency experience greater discount post-SAP. Such large changes in unrealised efficiency

likely come from the introduction of new recommendations put forward by assessing en-

gineers post-2012 – potentially explaining the increase in discounts.

If we now turn to the distribution within the Pre- and Post-2012 groups, we see a rel-

atively similar pattern again for the bands 0-5 to 15-25. We observe an increase in the

discount as we move further from potential, though not at a fast rate. Buyers do appear

to discount for larger values of unrealised efficiency at the same rate between the two

periods. The story is different for properties with larger levels of unrealised efficiency.

Discounts continues to increase, but only in the Post-SAP group, where the coefficient

increases significantly. This suggests that properties within this band are discounted by

larger levels than in other bands – with a clear heterogenous effect. Like in the analysis

in Figure 2.6, we observe a zero effect on properties with unrealised efficiency greater

than 35 points – alongside a similar pattern of discounts across the distribution. Results

presented in this heterogeneity analysis show that potential is important, but that one’s

distance to potential is equally important in determining buyer’s valuation of property.

The latter is overlooked within the literature, with estimates here showing that large lev-

els of unrealised efficiency deter households from undertaking improvements and which

limits the capitalisation of potential into property prices.

Heterogeneous Effects by Property Type: Beyond differences in the underlying

energy efficiency of properties and the prescribed recommendations, one final channel

through which we would expect heterogeneity is through property type. One may expect

57



heterogeneous effects owing to the ability of different property types to accommodate

energy efficiency improvements. For example, households living in flats are likely more

hampered in their ability to improve their energy efficiency compared with households

living in detached properties. As such, if one believes that discounts following an increase

in unrealised efficiency are attributable to buyer’s desire to conduct energy efficiency

improvements, then discounts should differ between property types based on the ability

to undertake these improvements. I explore this by adopting the same specification in

Eq.(9), differing only in that I interact unrealised efficiency with the property type. The

specification retains the same control variables and fixed effects. I take the marginal effects

of the unrealised capitalisation rate by property, with results presented in Figure 2.8.

Figure 2.8: Capitalisation by Distance From Potential Rating Band

NOTES: Estimates represent the unrealised capitalisation rate for each property type and are the result

of taking the marginal effects following a unit-percent change in unrealised efficiency. Unrealised efficiency

is log-transformed and includes the same transformation on controls for property total floor area and the

current efficiency score. I restrict the Post-2012 sample to include four years of data such that it matches

the period prior to the change in SAP.

I omit flats from the analysis given their limited ability to make energy efficiency im-

provements.13 Results from the marginal effects show that the average household in

13Flats are included in the pooled estimates, but including here is more problematic. Property type is
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each property type discounts price following an increase in unrealised efficiency. This is

expected, given that each property type should have the ability to undertake improve-

ments. Point estimates show that terraced properties receive the largest discounts, while

detached properties receive the lowest discounts. However, the estimates are noisy with

large confidence intervals, meaning I am unable to identify any heterogenous effects be-

tween property types.

2.6 Conclusion

As the UK economy adapts to meet stringent Net Zero targets by 2050, we cannot neglect

the need for energy efficiency improvements at mass scale. By better insulating homes and

taking measures to reduce energy consumption, we can reduce emissions generated within

residential settings – which currently account for around 14% of total emissions. Yet,

these actions are taken at the household-level and require private investment. Combining

property-level data on transactions and energy efficiency characteristics across the UK

between 2009-2019, I show that the appetite for such investments remains low. I define a

new approach to exploring capitalisation, termed unrealised efficiency, that captures the

energy efficiency not yet realised by the household. Measured as the difference between

current and potential efficiency scores, I explore how buyers value future energy efficiency

improvements. This chapter produces a novel instrumental variable which exploits the

change in SAP (2012) and the subsequent random variation in types of recommenda-

tions put forward by assessing engineers during EPC inspections. I show that the change

in SAP introduces new recommendations that represent technological improvements on

those previously, and which deliver greater energy efficiency improvements. Recipients of a

technologically improved recommendation experience a 4 point increase in their potential

efficiency score, compared with just a 1 point increase for those receiving a recommen-

dation for the older technology. I exploit the change in these recommendations as an

exogenous treatment which arises due to the idiosyncratic variation present in the assess-

ing engineer’s assessment of a property. Such variation generates a discontinuous increase

in potential efficiency scores, creating exogenous variation in unrealised efficiency scores

included as an interaction with the endogenous and exogenous variable, creating separate estimates for
each type. This deflates the estimates for other property types, and so I omit flats in this analysis.
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that leads households to diverge from their attainable potential. This chapter then ex-

plores the price effects of this change.

Estimates show that an increase in unrealised efficiency, driven by this discontinuity in

potential efficiency, leads buyers to discount their property bids. Following a 10% increase

in unrealised efficiency, property prices fall by around -0.15%. Comparing this with an

increase in current efficiency, we observe an increase in property prices of around 1.3%.

The two measures differ subtly: the former captures the value buyers place on making

their own improvements, while the latter captures the value buyers place on the same

improvements that have already been made by the pervious owners. The findings (taken

in absolute value) show that buyers place less value on undertaking their own energy

efficiency improvements, which is akin to a willingness to pay. A set of heterogeneity

analyses are undertaken to explore the mechanisms driving this effect. I explore whether

these effects are heterogeneous by the cost of undertaking recommended improvements.

Findings from the analysis suggest that the price discount is fully offset by this cost, show-

ing that buyers accurately account for the investment required to raise potential. This

is an important finding as it shows that buyers price into their property bids the cost of

making energy efficiency improvements. However, buyers place a lower value on installing

the improvement compared with adopting it from the previous owner. Though, it is not

just the cost of undertaking improvements that buyers price into their property bids, it

is also the nature of the improvements. Estimates from the same heterogeneity analysis

show that buyers further discount properties that require more invasive improvements to

increase their energy efficiency. These are the improvements that require households to

adapt their daily lifestyle during the installation, and which incur a non-monetary costs

to the household. Such costs generate dis-utility and explain why some households do not

make certain types of improvements. In a separate set of heterogeneity tests, I show that

it is not just the potential that is capitalised, but the degree to which this is attainable

and to which it delivers returns on investment. Properties with low levels of unrealised

efficiency are not discounted owing to their limited room for improvement and limited

scope for financial gains. Similarly, properties with large levels of unrealised efficiency
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are also not discounted, owing to the need for too many improvements and uncertain

returns. Buyers prefer properties with mid-ranging levels of unrealised efficiency that

provide greater certainty around returns with the need for fewer improvements.

Creating meaningful progress with regards to climate change involves a concerted effort

towards meeting the end goal – lowering energy use whilst making its production more

sustainable. Short-term financial incentives raise barriers to achieving this goal and alter

the balance of preferences. In the residential energy efficiency arena, this arises in the

form of high costs associated with making home improvements. Create real environmen-

tal change requires households to look beyond these costs and towards the ultimate goal

of attaining their property’s potential energy efficiency. This chapter provides a starting

point in thinking about how buyers value energy efficiency in the future and how pref-

erences for undertaking improvements affect this. To the best of my knowledge, this is

the first study to provide causal estimates of this. Greater research is needed to explore

the forward-looking nature of buyers in this field; this can take a number of forms. An

important one is the extent to which individual characteristics affect the results of this

chapter, particularly with respect to heterogeneity arising from characteristics such as

age, education, voting behaviour. A limitation of this chapter is that I can only access

data at the property-level which is insufficient to explore such topics; research into these

heterogenous effect could provide useful context to the results found in this chapter. Sim-

ilarly, one may explore how this is affected by housing tenure or even by the length of

occupation. Renters and owners have been shown to have different preferences of making

improvements and will attribute different valuations to energy efficiency. A wealth of

literature exists that explores this relative to current capitalisation, but not unrealised

capitalisation (see Fuerst et al., 2020; Kholodilin et al., 2017; Cajias et al., 2019). These

are but a few avenues where more research could be undertaken.

The policy implications of this research are potentially important. I show that buyers

value the improvements undertaken by the property’s previous owners far more than

those they have to undertake themselves. This threatens the uptake of retrofitting, and
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calls into question our ability to meet Net Zero targets. Buyers are shown to favour greater

certainty in the returns to investment, shying away from retrofitting properties that re-

quire too many improvements, or those that require too few to deliver financial return.

Financial uncertainty arises from buyers needing to increase their financial commitment

in the face of higher unrealised efficiency. Moving forward, policy needs to account for

these heterogeneous effects in order to incentivise the retrofitting of the most inefficient

properties who stand to gain the most from energy efficiency improvements.
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A Appendix

Figure A.1: Typical Format Energy Performance Certificate

NOTES: The figure presents an example of an EPC passed over to the buyer at the time of the property

transaction.
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Figure A.2: Share of EPC Inspections by Year

NOTES: The figure shows the EPCs requested by EPC inspection year as a proportion of the total

number of EPCs requested across the sample window.
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Figure A.3: Potential Efficiency Scores by EPC Inspection Year and Tenure

NOTES: The figure shows the average current, potential and unrealised energy efficiency scores by EPC

inspection year for all property types and using all properties within the sample. The x-axis denotes the

year in which the EPC inspection takes place.
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Table A.1: Full Results – Change in Potential by Recommendation Type

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

XS Panel Panel×Sap Panel×Sap

1.Growing 0.814***

(0.011)

1.Declining -2.317***

(0.030)

Growing 3.824*** 2.821*** 3.700***

(0.018) (0.030) (0.018)

Declining -2.511*** -2.564*** -3.345***

(0.052) (0.052) (0.053)

Growing×Post-SAP 1.298***

(0.019)

Declining×Post-SAP 3.287***

(0.073)

1.SAP 8.210*** 7.358*** 7.823***

(0.024) (0.027) (0.023)

Current 0.512*** 0.650*** 0.641*** 0.641***

(0.0007) (0.002) (0.002) (0.002)

Floor Area -0.02*** -0.002*** -.002*** -.002***

(0.0001) (0.0006) (0.0005) (0.0005)

Property FE ✓ ✓ ✓
R2 0.693 0.700 0.702 0.704

Observations 3,410,871 733,398 733,398 733,398

NOTES: Standard errors clustered at the property-level in parentheses. Column 1

uses dummy variables to signify if a property possesses recommendations from the

increasing/decreasing groups and uses all other improvements as the hold-out category.

Columns 2-4 instead use the number of recommendations in each group for improved

accuracy. Further controls are included for the current efficiency score and total floor

area, while Column 1 is augmented further with controls for the property’s construction

age, build type, and property type. This regression represents a linear specification,

whereby controls are measured in levels. * p < 0.05, ** p < 0.01, *** p < 0.001
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Table A.2: Full Results – Fixed Effects: Unrealised Capitalisation

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

Location×Year Fixed Effects Baseline Fixed Effects

Unrealised -0.051*** -0.024*** -0.054*** -0.026***

(0.001) (0.001) (0.001) (0.001)

Current 0.133*** 0.134***

(0.003) (0.003)

Floor Area 0.241*** 0.261***

(0.006) (0.007)

Property FE ✓ ✓ ✓ ✓
Year FE ✓ ✓
Location×Year FE ✓ ✓
R2 0.985 0.988 0.592 0.658

Observations 98,262 98,262 98,262 98,262

NOTES: Standard errors clustered at the property level in parentheses. The baseline

model includes property and year fixed effects. The estimation is limited to the same

sample window as later estimates. * p < 0.05, ** p < 0.01, *** p < 0.001

Table A.3: Full Results – Instrument Exclusion Tests

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

U2012 U2012 × EP
i1

Z -0.0102 -0.0113* -0.0013 -0.0020

(0.0052) (0.0040) (0.0012) (0.0011)

Current 0.166*** 0.170*** 0.166*** 0.169***

(0.003) (0.003) (0.003) (0.003)

Observations 98,262 98,262 98,262 98,262

Property FE ✓ ✓ ✓ ✓
Year FE ✓ ✓
Location×Year FE ✓ ✓

NOTES: Standard errors clustered at the property level included in paren-

theses. All specifications are inclusive of second-order polynomials of the

running variable (EPC inspection year), with the dependent variable being

property price log(Pit). * p < 0.05, ** p < 0.01, *** p < 0.001.
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Table A.4: Unrealised Efficiency Capitalisation: 2SLS Results

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

U2012 U2012 × EP
i1

Second Stage

Unrealised -0.0202*** -0.0155*** -0.0637*** -0.0153***

(0.0045) (0.0045) (0.0054) (0.0069)

First Stage

Z 1.113*** 1.110*** 0.228*** 0.172***

(0.028) (0.023) (0.007) (0.007)

F Statistic 3,833 2,660 2,579 1,598

Current ✓ ✓
Property FE ✓ ✓ ✓ ✓
Location×Year FE ✓ ✓
Observations 98,262 98,262 98,262 98,262

NOTES: Standard errors are clustered at the property level. This Table recreates

the results from Table 2.8 after including and excluding controls for current efficiency

scores. All specifications are inclusive of second-order polynomials of the running

variable (EPC inspection year). All terms are log-transformed, with both sets of

regressions including a further control for property total floor area and the current

efficiency score. I restrict the Post-2012 sample to include four years of data such

that it matches the period prior to the change in SAP. Full results presented in

Appendix A.5. * p < 0.05, ** p < 0.01, *** p < 0.001.
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Table A.5: Full Results – Unrealised Efficiency Capitalisation: 2SLS Results

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

U2012 U2012 × EP
i1

Second Stage

Unrealised -0.0155*** -0.0164*** -0.0153* -0.0188**

(0.005) (0.004) (0.007) (0.006)

Current 0.137*** 0.140*** 0.137*** 0.138***

(0.004) (0.004) (0.006) (0.006)

Floor Area 0.239*** 0.257*** 0.239*** 0.257***

(0.007) (0.007) (0.007) (0.007)

First Stage

Z 1.113*** 1.110*** 0.172*** 0.171***

(0.028) (0.023) (0.007) (0.006)

Current -0.736*** -0.747*** -0.698*** -0.712***

(0.018) (0.018) (0.018) (0.018)

Floor Area -0.374*** -0.388*** -0.362*** -0.377***

(0.026) (0.022) (0.026) (0.026)

F Statistic 3,833 2,660 1,598 1,101

Property FE ✓ ✓ ✓ ✓
Year FE ✓ ✓
Location×Year FE ✓ ✓
Observations 98,262 98,262 98,262 98,262

NOTES: Standard errors are clustered at the property level. All specifications

are inclusive of second-order polynomials of the running variable (EPC inspection

year). * p < 0.05, ** p < 0.01, *** p < 0.001.
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Chapter 3: Neighbourhood Effects in the Market for

Energy Efficient Housing

3.1 Introduction

The residential sector is set to play an important role in achieving Net Zero targets.

By insulating properties to retain heat and adopting cleaner energy sources, the sector

could significantly reduce its carbon footprint – yet, household investment in these areas

remains low. Challenges facing the property market may in-part explain this, as rising

property prices coupled with stagnant wage growth stifle property investment.14 Liter-

ature has explored the capitalisation of improvements into property prices only to find

modest growth (Costa and Kahn, 2011; Fuerst et al., 2015; Fuerst et al., 2016; Aydin

et al., 2020; Sejas-Portillo et al., 2020), calling into question the returns on investment.

A limitation of the existing literature is its failure to account for the spatial nature of

property markets. Instead, the decision to make property investments is treated as a

private decision with isolated price effects. In reality, both are likely location-specific and

are determined by the characteristics of one’s surroundings – affecting both the decision

to invest and the subsequent returns. Evidence from the housing literature supports the

latter. Price spillovers between neighbours have been found to arise from information re-

ported in listings (Szumilo, 2020) and by listers who price their properties after learning

from their peers (Anenberg, 2016). A separate body of literature finds that peer effects

are present in the adoption of energy efficient technologies (Bollinger and Gillingham,

2012; Bollinger et al., 2020; Wolske et al., 2020). In failing to account for spatial factors

within property markets, we potentially overlook an important channel through which

households decide to invest and through which we observe differing price effects.

In this chapter I define a set of energy-efficient property clusters and explore how property

prices and home improvements differ at their border. I leverage energy efficiency scores

reported in London property listing adverts between 2009-2019 – along with random vari-

ation in their quality and location – to define these clusters in a way that replicates the

14Average property prices in the UK have tripled since the turn of the millennium as housing costs
account for one-fifth household income (Ministry of Housing and Government, 2024).

70



radii search function used by buyers in popular property portals. Spatial variation in the

location and timing of property clusters on the market allows me to identify two research

questions: firstly, whether buyers selecting into a cluster pay a price premium, and sec-

ondly, whether subsequent exposure to these clusters alters the likelihood that incumbent

households – those already residing within the neighbourhood – make home improve-

ments. Households may enter or exit the treatment based on the energy efficiency of their

surrounding neighbours. By employing property fixed effects, I exploit household’s entry

and exit to test whether any premium arises due to the reporting of energy efficiency

scores. Efficient clusters are bounded in space, providing a discontinuity at which energy

efficient properties are no longer statistically clustered. I exploit this in a spatial regres-

sion discontinuity design (RD) to test the whether property prices are discontinuous at

the border of a cluster. Identification comes from the fact that properties either side of

the border do not differ in terms of structural observables, only in their energy efficiency.

A premium paid to purchase within a cluster following an efficient listing would constitute

a selection from households with preferences for energy-efficiency. Incumbent household’s

are exposed to different households that chose to purchase within these neighbourhoods

over time, exogenously changing their peer group. I exploit the temporal nature of the

property clusters to explore whether this affects the likelihood that incumbent house-

holds make energy efficiency improvements following exposure to households with such

preferences. Exposure is measured as the number of years a property falls into an effi-

cient property cluster and the subsequent property churn. I use this to instrument for a

household’s decision to make improvements. This is expected to lead to a higher prob-

ability that an incumbent household undertakes energy efficiency improvements. Using

the exogenous change in such household’s peer group over time and limiting my sample

to households that do not knowingly purchase in an observed property cluster, I estimate

neighbourhood effects for households with no demonstrable preferences for energy effi-

ciency, ex-ante.15

I find that energy efficient property clusters create residential selection, as buyers draw

information on surrounding properties. This generates a premium for these properties

15I use the term peer group synonymously with one’s neighbourhood.
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of 1.6% that buyers pay to reside within a cluster, translating to roughly £6,100 for the

average property. Selection occurs because buyers perceive a benefit to residing within a

cluster, as buyers anticipate higher returns to their investments in these locations. Es-

timates are robust to changes in the selected bandwidth and upon accounting for access

to local amenities, with robustness checks showing that the premium is also not present

in the years when clusters are not on the market.16 Evidence of a premium highlights

that buyers are attentive to energy efficiency scores across neighbourhoods and are able

to distinguish between high- and poorly-efficient neighbourhoods. These findings provide

evidence that the premium results from contemporaneous information spillovers through

property listings. An event study analysis confirms this by identifying a premium for

properties within a cluster that disappears once the clusters is no longer visible on the

market. This would suggest that buyers of such properties have preferences for energy

efficiency. I refer to these as selecting households. Exposure to these selecting households

over time increases the likelihood that incumbent households make energy efficiency in-

vestments. I find that each extra year of exposure increases the probability of upgrades

among incumbents by 6%. By restricting the sample to incumbent households that did

not knowingly purchase at the time of an observed property cluster, this probability falls

to 1.1%.17 After accounting for neighbourhood effects, residence within a cluster bears no

significance on the uptake of improvements once exposure is accounted for. It is therefore

not the neighbourhood that buyers value, but the neighbours.

This chapter provides a methodological contribution to the literature. I propose an ap-

proach that allows households to select their own peer group, thereby defining property

clusters. The housing and environmental literature commonly considers peers as those

within proximity (see Bollinger et al., 2020; Szumilo, 2020; Bigler and Janzen, 2023).

Some studies have gone further, seeking to bound peer groups spatially according to

characteristics in order to control the dispersion of interactions, but often-times this is

done using administrative geographies (see Bollinger and Gillingham, 2012, Nauze, 2023,

Soko lowski, 2023). Such approaches fail to capture the granularity required and likely

16in years for which listings do not identify a cluster as being energy efficient.
17Correlated effects, a la Manski, (1993), are shown to account for a large proportion of the effect –

providing a good sense check for the adopted approach.
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overstates the true extent of who households believe their peers to be. Doing so risks

failing to adequately capture the neighbourhood in which the effects originate. In this

chapter I propose a data-driven approach that adopts a measure of spatial autocorrelation

in energy efficiency scores to capture similarities in both energy efficiency and proxim-

ity. By measuring similarity in energy efficiency, I am able to capture potential spatial

interactions (where households imitate each others behaviour). I employ a clustering al-

gorithm with distance decay to capture similarity in a way that identifies tipping points in

energy efficiency scores, thereby allowing proximity to define itself. The approach allows

households to choose their own peer group by uncovering underlying spatial interactions

that derive from the property’s similarity with others nearby. In this way, two house-

holds would be classed as peers if they were located nearby and shared a similar energy

efficiency score that differs significantly from the local average. Bounding these proper-

ties according to the tipping point in energy efficiency scores produces spatially bounded

peer groups which represent the geographical area from which I explore neighbourhood

effects. Examples from the literature above consider how selection into energy-efficiency

adoptions influences nearby households in a static sense, whereby one’s peer group re-

mains constant. However, little to no evidence explores how the selection of households

into neighbourhoods generates neighbourhood effects. I adopt a data-driven approach to

capturing peer groups in order to fill this gap.

Building on a wealth of literature that captures the drivers of residential sorting (Couture

et al., 2023; Koster et al., 2014; van Duijn and Rouwendal, 2021; Guerrieri et al., 2013),

I further contribute to the literature by exploring this through the lens of residential en-

ergy efficiency. I aim to show how households choose their residential locations based

on spatial variation in energy efficiency scores, as reported within property listings. To

the best of my knowledge, I produce the first study exploring this. Furthermore, I use

this setting to investigate the effects of this selection. Residential selection represents an

exogenous change in neighbourhood demographics which then affects the peer group of

incumbent households (i.e. those that do not move). Using the churn of households within

a neighbourhood to identify the change in peer group preferences for energy efficiency, I
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identify the effects this has on home improvements locally. The literature considers the

decision to make improvements as a household decision and fails to account for spillovers

of neighbourhood influence. However, this omits outside pressures arising from one’s

neighbourhood, such as the effects of social norms, or heterogeneity in the returns across

neighbourhoods. This chapter aims to be the first to capture such effects in the housing

market.

The rest of the chapter proceeds as follows. I review the relevant literature in Section 3.2.

The approach taken to define energy efficient clusters and the characteristics of the dataset

are presented in Section 3.3. The empirical strategy used to identify a premium is pre-

sented alongside the results in Section3.4. I then turn my attention towards exploring the

mechanisms that drive these results in Section 3.5. The chapter finishes with concluding

remarks in Section 3.6.

3.2 Literature Review

This paper straddles a number of different fields across the discipline by studying how

residential energy efficiency reporting influences behaviour within property markets. In

this section, I review the related literature from the fields of environmental, urban and

public economics. I group the literature among three distinct lines. I first review papers

that explore the underinvestment in residential energy efficiency. Researchers put forwards

many explanations as to why this occurs and evaluate the effectiveness of corrective policy

measures. I then go on to explore the literature pertaining to peer effects in both the

housing and energy literature – owing to the limited evidence of neighbourhood effects

in the latter – to identify the gaps in which this chapter sits. A review of the methods

used also places into context the novelty of the approach taken within this study. I finish

the section by reviewing the literature that explores the capitalisation of energy efficiency

investments into property prices. An extensive literature dating back to the 1980s, there

remains an underutilisation of spatial approaches resulting in limited evidence around how

capitalisation differs across space. I review the literature and observe this as a distinct

oversight. This represents a large gap in the literature and one which potentially explains
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sub-optimal uptake in improvements.

3.2.1 Underinvestment in Energy Efficiency: Poor Energy Savings

Early papers explored the adoption of energy-efficient technologies in residential settings

and the drivers of such adoption. Seminal papers from Hausman, (1979) and Dubin

and D. L. McFadden, (1984) catapulted this literature by estimating the discount factors

applied to the purchasing of energy-related durables. Hausman, (1979) models the adop-

tion of durables noting the trade-off between upfront capital costs and energy savings.

Buyers discount savings by roughly 20% when applied to data for air conditioning units,

increasing among consumers with lower income. Dubin and D. L. McFadden, (1984) find

the exact same discount factor in the context of space- and water-heating appliances,

but argue that previous approaches to estimating energy consumption are lacking. The

authors provide an econometric approach to show that discount rates are overstated if

researchers fail to correct for exogeneity between the demand for durables and their final

use. Essentially boiling down to a selection problem, durables represent a derived demand

pertaining to the demand for energy, thereby absorbing features of energy consumption

into estimates of the discount rate. The paper provides a rebuke to M. Parti and C. Parti,

(1980) who adopt a 2SLS approach in an attempt to circumvent this issue. However, the

instrument uses electricity prices which are non- excludable. A limitation of these papers

lies in the assumptions they make regarding a durables lifecycle. The models cannot ac-

count for depreciation of the stock, and must assume either finite or infinite life which has

implications on a household’s capital expenditure at end of life. An alternative approach

to circumvent this issue and that of selection arising from the purchase of durables comes

from D. McFadden et al., (1977) who employ a structural approach that models decisions

regarding one’s portfolio of durables. Allowing consumers to adapt their durable’s port-

folio in the long-run affects their energy consumption and hence their savings, and also

means that one does not have to make explicit assumptions about the durable’s useful life.

Poorer durables increase energy consumption, thereby accentuating savings after their re-

moval – and are accounted for in this approach. While researchers have found ways to

somewhat circumvent issues of selection, one cannot easily derive the demand curve for
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electricity that arises from stepwise pricing present in energy markets Taylor, (1975). The

limitation of this literature then is that household preferences obscure measures of energy

consumption and savings, and hence the resulting discount factors for the adoption of

durables.

Estimated discount factors are subject to debate. That being said, discount factors of any

magnitude can be explained by the poor returns to investment. A number of papers find

this, but Dubin et al., (1986) do not. The authors show this not to be the case in one of the

earliest papers exploring the issue, arguing that savings are much greater than engineering

estimates would have one believe (up to 15% greater), owing to the exclusion of house-

hold characteristics in these models. Realised savings are around 90% of those predicted

(referred to as the realisation rate). Issues again around estimating electricity demand

in the presence of heterogeneous preferences potentially obscures the resulting savings,

as well as the small sample (400 households). Hirst, (1986) estimate a lower, but still

relative high realisation rate of 63% in the context of space heating. The bias from early

papers in the literature is all the more likely given the contradictory evidence from the

modern literature. Ansar and Sparks, (2009) show this in their estimation of realisation

rates, pointing to the fact that pre-1990s, the median estimate sat at 67%. While Metcalf

and Hassett, (1999) estimate energy savings from attic insulation, savings are much lower

than those of engineering estimates. Energy savings of 9.7% compared with that of 50%

from the engineering estimates represent sizeable differences. The authors attribute this

to the selection problem driving the uptake of improvements and the failure of engineering

estimates to account for the differing preferences among these households. Experiments,

both natural and randomised, have been applied to estimate energy savings to circum-

vent these issues; approaches that Allcott and Taubinsky, (2013) show to be the most

accurate to perform welfare analyses of the impact of energy cost information on durable

good purchases. Fowlie et al., (2018) exploit a randomised control trial (RCT) using a

weatherisation programme implemented in Michigan that granted home improvements

(heating) to low income households. The paper estimates energy savings savings between

a control and treatment group of households that were eligible for grants, only the latter
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group were randomly assigned extra help in applying for funds. Presented alongside a

quasi-experimental design that compares appliers with receivers, savings range from 10%

in the quasi-experimental design to 20% under the RCT. Explanations of this variation

arise from measurement error owing to energy consumption, as is the case in the previous

papers. While the presence of savings supports earlier estimates, upfront costs are found

to be twice that of the savings which are actually only one-third of the savings predicted

by engineering estimates. A natural experiment observed by L. W. Davis et al., (2014)

corroborates these findings for a subsidy and replacement of durables programme in Mex-

ico. The authors find energy savings of 8% following the replacement of refrigeration units

– much lower than savings predicted by engineering estimates. No savings are realised for

air conditioning units, however, highlighting instead a rebound effect – whereby energy

consumption increases on the back of savings. One can explain this by the fact that air

conditioning is a luxury and only comprised 10% of overall take up in the experiment,

suggesting uptake by wealthier households. The weatherisation programme instead finds

no evidence of a rebound effect which seems interesting. An explanation could be found

in the fact that low-income households exclusively form the treatment and control groups

and that these households behave differently to others and have higher demand elasticities

for energy (see Alberini et al., 2011, Dı́az and Medlock, 2021, Harold et al., 2017) owing

to income constraints. Older papers from the literature fail to account for rebound effects

which means that estimates of energy savings are likely capturing changes in both prefer-

ences and prices. Evidence from Boomhower and L. Davis, (2020), who exploit a natural

experiment subsidising the installation of residential air conditioning in South Carolina ,

confirm similar energy savings but argue that this is much more nuanced than previously

thought. The authors confirm the seasonality effects of energy savings observed in Dubin

et al., (1986) (owing to the demand for air heating and cooling), but find that savings

differ during the time of the day. Using smart metre data, they show that engineering es-

timates underestimate the true energy savings, which are higher when demand and prices

are higher. Accounting for this timing increases energy savings by as much as 50% as

households seek to divert their consumption. Unlike in Metcalf and Hassett, (1999) who

also use billing data, this paper only explore the treated – those already in ownership of
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the durable – circumventing issues of selection. Allcott and Greenstone, (2017) show that

actual energy savings are also inferior to those predicted. Estimating a structural model

of the efficiency of two residential retrofit programmes, aided by a randomised control

trial, they show that realised savings were roughly half of those predicted. A degree of

this can be explained by high ex-ante savings causing selection into the programmes by

households that would not otherwise have acquired subsidies, and that were not the ones

standing to benefit most. Realisation rates – the ratio of actual to predicted savings – are

therefore prone to complications. Higher rates are estimated in older papers that fail to

adequately capture selection.

The literature provides conflicting evidence on the magnitude of these savings, but in

most cases find these savings to be less than ex-ante estimates. Findings of this nature

gave rise to literature exploring the energy efficiency gap, from which multiple definitions

arise. The previously analysed papers would define the gap as the shortfall of investments

arising from positive discount factors – or the underinvestment arising from the failure

to undertake those improvements with positive net present value. Others would define

the gap as notion that private investments in energy efficiency are much lower than the

rate which is socially optimal Jaffe and Stavins, (1994). Either way, this reflect rampant

underinvestment, which the literature seeks to explore. A number of hypotheses are put

forward. For this study, the most relevant is that of behavioural bias and uninformed

agents. I explore this under the umbrella of asymmetric information.

3.2.2 Underinvestment in Energy Efficiency: Asymmetric Information

Bias in this respect arises from households being misinformed about how their daily ac-

tivities translate into energy usage. The presence of bias, argue Enrich et al., (2024), is

proved by buyers that change their behaviour after receiving nudges and which persists

after nudging ends. They show using an experiment conducted in Spain that varying

household energy tariffs during different times of the day reduced energy consumption by

1-2%, and by as much as 9% at peak times. Furthermore, they find that consumption

falls even after reverting back to uniform pricing – suggesting consumers were previously
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misinformed about energy prices. Allcott, (2011a) conduct a similar RCT in Chicago

with similar results. Buyers receiving information about intra-day price hikes adjust their

behaviour and reduce consumption by between 1-2% and by as much as 5-14% throughout

different times of the day. Studying townships in Connecticut, Jessoe and Rapson, (2014)

argue that the same price information reduces consumption by more, around 7%. Both

studies notify households the day prior to a price hike, but the authors go further by

testing the household response when releasing information alongside real-time data from

Smart Metres; consumption among this group was lowered by 17%. No evidence of load

shifting is found around the time of the price shocks, which the authors use to argue bias,

as households deviate from their previous preferences. Conducting a similar experiment

in Connecticut in the early summer months, Faruqui et al., (2012) find similar evidence

of a decline in energy consumption – but of a smaller magnitude; suggesting that climate

plays a role in determining the magnitude. Like the previous papers, the authors find no

evidence of load-shifting, suggesting that buyers are not modifying their actions but their

preferences.

While the previous papers suggest that buyers are misinformed as to their energy usage,

these findings are not universal. Fabra et al., (2021) find no evidence of an effect of real-

time pricing, but find that households shift consumption to off-peak hours. Importantly,

participants in this study are not directly informed of price hikes while they were more

informed about Time-of-Use rates (the former were reported online) – suggesting that the

information provision identified in Jessoe and Rapson, (2014) is actually an important

component to modifying preferences. Borenstein, (2002) confirm this using caste-study

evidence from California rate hikes around the time of nationalisation that did not cur-

tail residential demand. Boomhower and L. Davis, (2020) would instead suggest that

changing the time one uses energy is not evidence of bias in light of new information,

but simple rationality. They find that buyers actually adjust their preferences and usage

when savings (and prices) are at their highest. After removing any information provided

by nudges, they still find that buyers act rationally, suggesting that buyers are not unin-

formed but are instead optimisers. Arimura et al., (2012) find the same rationality in the
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context of demand-side management (DSM) policies, whereby households receive rebate

for reducing their energy usage. Reductions in usage are around 1% in the DSM pe-

riod, increasing to 1.8% afterwards. The absence of nudges, showing that buyers reduce

usage when faced with demand-side management policies – promoting rationality over

bias. Beyond it being rationality, Boomhower and L. W. Davis, (2014) suggest that these

DSM programmes mainly target infra-marginal households; those that would alter their

preferences regardless – a similar view is shared by Joskow and Marron, (1992). Though

this is dispelled by Ito, (2015) in the context of energy savings – suggesting instead that

buyers make rational decisions based on evidence. This makes it difficult to explain away

the effects as purely causal, as the reviewed papers do not explicitly address this.

Other might simply argue that this is not a feature of limited knowledge or uninformed

agents, but of behavioural bias. A seminal paper in the literature comes from Samuelson

and Zeckhauser, (1988) who argue that buyers making decisions favour the Status Quo

under the guise of certainty in the result. Through lab experiments and field studies, the

authors present evidence that this is not a conscious choice but an implicit form of risk-

aversion. This result forms the basis of why we estimate discount factors; yet, experiments

from the paper were conducted under strict time pressure and were of a complex nature

– inherently inducing the status quo. This serves as a metaphor for anecdotal evidence

arising from the literature on energy efficiency adoptions. Behavioural bias is captured in

these decisions as individuals hold onto poorly-informed beliefs that obscure them from

acting optimally. Behavioural applications in the energy efficiency literature agree that

bias drives the under-adoption of durables, but argue that reality is more nuanced than

this. Carroll et al., (2016) and Kallbekken et al., (2013) both conduct experiments to

ascertain the uptake of energy-efficient durables (in this case, clothes dryers) and find no

evidence of an increase in the uptake of more efficient models following disclosure of a

model’s operating costs. The latter do find a significant increase in the sale of energy-

efficient dryer models when this intervention is combined with staff training around the

benefits of such purchases. Information that does not confirm one’s biases is therefore

irrelevant in these studies – which Ölander and Thøgersen, (2014) would refer to as a
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framing problem which presents information in a manner that allows buyers to opt-out of

making a decision. When this is not an option, buyers are more receptive to information.

This calls into question the attentiveness of buyers to information as opposed to their

willingness to accept it. Newell and Siikamäki, 2014 explore this in a field experiment

for the adoption of water heating appliances. Presenting respondents with twelve differ-

ent energy-efficiency labels for an appliance, they find that simple and more digestible

information increases buyer’s WTP for appliances. For example, buyers are more respon-

dent to labels providing information on operating costs over those converting the same

information for CO2 expulsion. Unlike in Carroll et al. and Kallbekken et al., Deutsch,

(2010) do find evidence of an increase in the energy efficiency of appliances sold when

reporting information. They argue that reporting the lifecycle costs of an appliance is

more accessible which drives the result, suggesting that the information way information

is reported could be the problem. Several papers have explored such biases in the context

of heuristics (see Lacetera et al., (2012) and Pope, 2009). Information is important in

that it nudges buyers to act in certain ways. While heuristics is important, it rests on

the assumption that buyers can process complicated information. Attari et al., (2010)

would suggest that this is not the case; their study finds that undervaluation of energy

costs is more common among lower-educated households (Sterman and Sweeney, 2007;

Gardner and Stern, 2008). Such findings are countered by Dietz et al., (2009) who suggest

that it is not information per-se that is the problem, but how it is delivered; finding that

social media is a more effective tool for providing information that modifies behaviour.

A critique of these papers, like Samuelson and Zeckhauser, (1988), is that they place too

much weight on lab experiments without real-world application. From this perspective,

one misses a good deal of nuance. While Carroll et al., (2016) and Kallbekken et al.,

(2013) offer an analysis of store-based purchasing decisions, limited sample sizes ranging

between four seventeen months call into question the power of the results and selection

arising from seasonality. Papers reviewed up to this point prescribe provide solutions

to these biases based on information interaction alone. Some argue that consumers – in

failing to be attentive to energy efficiency information – may indeed be acting rationally.

For example, inattentiveness may in fact be a best response if information is costly to
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gather (Sallee, 2014), if buyers only sporadically update their information or news dis-

perses slowly (Reis, 2006), or if information is difficult to digest (Sims, 2003).

Researchers exploring behavioural biases towards the adoption of durables have also tested

the efficacy of different remedies to correcting them. Sallee, (2014) would argue that even

poorly designed policies work if they reduce the cost of attention to the matter. In the

context of energy efficiency, this is perhaps a slightly simplistic view of correcting bias.

Allcott and Taubinsky, (2013) note the bias when observing the uptake of Compact Flu-

orescent versus incandescent lightbulbs – the former being much more efficient but with

lesser uptake. Running two RCTs in the form of a lab and field trial to understand house-

hold’s WTP in the presence of both information and subsidy-based nudges, bias is found

to arise from the undervaluing of energy savings. WTP only increases marginally when

participants are supplied information – confirming results from earlier papers – but that

effects are much larger when coupled with subsidies. Allcott et al., (2014) instead argue

that this is much more nuanced, and that subsidies mainly work for those with larger

internalities – those that undervalue energy costs relative to the price of more efficient

durables. Such consumers need subsidies, as taxes (a la pigouvian) on energy costs only

increase one’s undervaluation. Allcott and Greenstone, (2012) formalise this approach

with a conceptual model, showing that taxes affect a durable’s adoption rate while subsi-

dies affect its utilisation rate. However, this is a simplified approach to the understanding

the impact of subsidies. Heutel, (2011) would argue that this literature does not account

adequately for time-inconsistency in preferences, however. Instead, they would advocate

for two-stage policies that target consumers at time of purchase and time of use. Yet, even

in the designing effective policy responses, unintended consequences still remain. Houde

and Aldy, (2017), like Boomhower and L. W. Davis, (2014), suggest that these policies

favour infra-marginal consumers who would have purchased durables regardless of sub-

sidy. Fowlie et al., (2015) argue instead that subsidies simply ease financial burdens, and

that they do not adequately increase the uptake of durables owing to the non-monetary

costs associated with their adoption.
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The major drawback of these studies – which is also their strength – is the reliance on RCT

and natural experiments. While these methods are preferred to identify causal estimates,

they shroud the influence of other factors external to the participants – such as external-

ities and peer-to-peer influences. The papers adopting these techniques reviewed previ-

ously find evidence of behavioural bias, whereas those using quasi-experimental methods

do not (Fabra et al., 2021; Boomhower and L. Davis, 2020). This raises questions as to the

extent to which the literature can accurately account for external influences in modifying

individual behaviour and in diagnosing under-investment.

3.2.3 Peer Effects and Individual Behavioural

A common source of external influences overlooked by the previous literature comes in

the form of peer effects. The literature has explored this along a number of different av-

enues – most importantly for this studies, in relation to energy consumption and housing

investment. In this subsection, I review both strands of this literature.

Peer effects play a key role in encouraging households to change their energy consump-

tion patters. Allcott, (2011b) show that this operates through a conformist approach

whereby households adapt their behaviour to meet a social norm. In the context of en-

ergy consumption, they find that household energy consumption falls by 2% in response

to information on the consumption of their neighbours. The author calls these non-price

interventions, which, in terms of magnitude, seem equally as effective in correcting bias

as the studies reviewed earlier. This also speaks to targetting non-monetary costs as doc-

umented in Fowlie et al., (2015). The study exploits data from the Home Energy Report

(HER) framework conducted by a utility provider that mails out the usage information of

one’s peers to customers. Ayres et al., (2013) use the same data, but focus their natural

experiment on proximate households who receive the same home reports. This differs

from Allcott who assumes that behaviour changes are a personal choice; Ayres instead

estimates the effects of interactions on behaviour modification as treated households dis-

cuss the reports, tying the effects to social interactions. Adopting the same treatment and

time frame, the authors find larger reductions in energy consumption of 2.5%. But the
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papers only explores effects in the short-run. Allcott and Rogers, (2014) later adopt these

data in a much larger sample to explore the long-run implications of conformism. They

find that social norms spur short-run action in energy conservation, but that this wanes

once the information channel is removed. Habitual change requires a long and persistent

channel through which peer effects are reported, with the effects being more persistent

if buyers adopt durables that force them to reduce consumption. This ties social norms

together with habit formation. Brandon et al., (2017) expand on this approach using the

same data and contradict these findings. The authors use moving households in conjunc-

tion with energy consumption data to estimate the probability that a household adopted

durables. They use this then to quantify the long-run (post-occupier) reductions in con-

sumption that are the attributable to the durable and find a very loose link between social

norms and habit formation. As much as 55% of the reduction comes from adoption of

the durable, instead arguing that reductions in energy consumption come from adoptions

as opposed to behaviour modifications. Such findings drive a wedge between the short-

and long-run mechanisms. A shortcoming of these studies is that one’s peer group is only

defined based on proximity – not on characteristics. Schultz et al., (2008) argues that

normative messaging is important when applied to a particular reference group. They

apply a model of resource conservation in hotel rooms, in which they provide norma-

tive messaging about conservation efforts of previous guests – which should be of similar

characteristics. They find that this delivers greater changes in short-run behaviour than

other, less specific messaging. Peer effects induce conformism to social norms, but one

that dies out over time according to Ito et al., (2018). They argue that this is a form of

moral suasion that plays on individual’s ethics. The authors find that, like Brandon et al.,

(2017), such effects do not form habitual reductions in energy consumption – adding that

economic incentives are much more effective. Bollinger et al., (2020) produce a similar

result in the context of water conservation – finding that peer effects in conservation are

more present when accompanied by strong price signals.

The literature is therefore mixed in the conclusions about the strength of peer effects

in modifying behaviour. Evidence suggests that short-term effects are present, but that
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long-term effects are much more reliant on other factors to permanently modify behaviour

– such as market forces or persist ant information channels. The context of energy conser-

vation however is a choice that households take regularly based on real-time information

and norms; in the context of housing improvements, however, this is a one-time decisions

taken by buyers. One would expect peer effects to be more effective in facilitating in-

vestments as a result. A number of papers explore peer effects in the adoption of energy

efficient technologies as a result of adoptions locally; a strand of the literature apply this

approach to specifically explore adoptions of solar PV, with differing results. Bollinger

and Gillingham, (2012) find that every extra solar PV adoption within a zip code increases

the likelihood of another by c.0.8 percentage points; Bigler and Janzen, (2023) explore

more local effects from adoptions within 100m and estimate a much lower rate of around

0.02 percentage points; whereas Mundaca and Samahita, (2020) estimate an increase in

adoptions of .44 panels for every PV adopted within half a mile. Subtle differences exist in

the approaches adopted, however. Bollinger and Gillingham, (2012) circumvent the issues

around simultaneity by exploiting the lag between ordering and installation of solar PV

owing to regulatory constraints (i.e bureaucracy). They argue that this avoids simultane-

ous decision-making between adopter and peer such that they can identify the cause-effect

relationship in adoptions. Using location-time fixed effects, they further control for un-

observables that drive adoption. However, conducting this analysis across a zip code area

means that the study likely masks a large degree of heterogeneity and risks overestimating

the true peer effect – as households cannot be guaranteed to interact across such great

distances. Mundaca and Samahita, (2020) follow this same approach, but argue that the

zip code is too large a geography. They instead estimate the probability of peer adoption

at different distance intervals within a zip code. However, the analysis fails to employ

dynnamic fixed effects that account for temporal variation in unobservables over time in

estimation. Bigler and Janzen, (2023) on the other hand restrict peer effects within 100

metres to capture the true interactions between household. The authors instead exploit

lagged adoptions to get around issues of simultaneity and argue that, while plausible, a

fixed effects regression risks failing to capture time-varying unobservables; In contrast,

they employ an instrumental approach that exploits the local benefits of solar generation
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to explain uptake. The methodologies applied here rely on a complex set of assumptions

on both the timing and exposure of interactions – leaving one to question the plausibility

of the methodologies. The results differ quite dramatically, suggesting that peer effects

are much more nuanced – and may even follow that of (Schmidheiny, 2006) who argues

that conformism relies on similarity in characteristics between peers.

A separate, albeit small, strand of the literature explore the role of peer effects in the

demand for housing. The difficulties in identifying a household’s peers means that very

few papers adopt such studies. Two papers that do so are Patacchini and Venanzoni,

(2014) and Szumilo, (2020). Patacchini and Venanzoni, (2014) explore how one’s school

peers influence their household’s demand for housing investment. The authors exploit a

network of school-based social interaction that – following an investment in the network

– they argue induces further investments. They tie this to the mechanism of keeping up

with the Joneses as information spreads across the network. Peer effects are estimated

using a peers-of-peers approach that abstracts from information exchanges between direct

friends, as this introduces the problem of correlated effects (a la Manski, 1993). The

characteristics of these indirect peers is then used as an instrument for the behaviour

of one’s direct friends. A similar approach is adopted in Szumilo, (2020) who explore

peer effects in property prices originating from learnings about home investments locally.

The author exploits information asymmetries to explore whether property bids are a

learned behaviour in the absence of information. A linear-in-means model is adopted

that includes the mean characteristics of one’s peers within the regression to account for

both exogenous and correlated effects. This represents a variation of the approach adopted

in Patacchini and Venanzoni, (2014). While networks are represent the gold standard in

identifying peers, one could argue that the peers-of-peers methodology provides a tenuous

link between households. While a novel strategy, it requires the reader to make a number

of strong assumptions regarding how information is traded. So to does the adoption of

the linear-in-means which prevents one from incorporating into the model heterogeneity

in one’s peer’s.
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3.2.4 Capitalisation of Energy Efficiency Improvements

While the majority of researchers are in agreement that energy efficiency improvements

are capitalised into property prices, disagreements arise in other areas – one of which be-

ing the magnitude of such returns. Early papers in the field explore the signalling effect

arising from possession of a green label or certificate. Yet, the decision to obtain a certifi-

cation is non-random, thereby causing issues of selection bias. Brounen and Kok, (2011)

were one of the first papers to recognise this problem in their efforts to explore the price

effects of green certification in the Netherlands. Using a two-stage Heckman procedure

to control for selection into obtaining certification, they find that possession of a green

label increased prices 3.6% relative to related properties. A similar study of the exten-

sive margin was undertaken in the US state of California by Kahn and Kok, (2014) who

place the premium at around 2.1%. The author’s instead apply propensity score matching

to compare certified with non-certified properties that provide a strong counterfactual.

The estimates likely differ due to their locational context. Bypassing issues of selection,

Zalejska-Jonsson, (2014) estimates the willingness-to-pay (WTP) for low-energy dwelling

using a natural experiment. Using survey data from Swedish households, they find the

WTP to be around 5%. Data for the study came in the form of subjective property price

valuations; coupled with a limited sample size, the estimates should be taken with a pinch

of salt. Estimates of the extensive margin vary. Brounen and Kok, (2011) – like the UK –

define energy-efficient dwellings as those rated C or above. This range is tested in Fuerst

et al., (2015) who find that property prices in the UK are positively related to energy

efficiency ratings. A/B-rated properties sell for around 5% more than those that are D-

rated; C-rated properties sell for 1.8% more. Estimates of the extensive margin in the

previous papers fall within this range to provide a credible midpoint estimate. Looking

at this for scores, the authors find a 1% increase to translate to 0.1% capitalisation rate

using a repeat sales approach. Estimates of the intensive margin exploit changes in prices

between sales as a way to partial out unobserved factors influencing price, and also factors

affecting one’s certification (influencing selection on unobservables). The same approach

is adopted in Cajias and Piazolo, (2013) using residential data from German but find

differing estimates, placing the capitalisation rate at 0.45%. This seems abnormally high
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in comparison with the literature. The paper also uncovers a non-monotonic relationship

between prices and energy ratings – suggesting lower-rated properties sell for more. This

differs from estimates out of the UK; it also differs from estimates around the same time

frame from Singapore; where Deng et al., (2012) confirm the findings from the UK, that

prices increase monotonically with energy performance.

These papers were part of the emerging capitalisation literature when uptake of energy

reporting was low; public knowledge and perception also differ to that of the present

day, leading to variation in findings. While these papers tackle selection arising from

acquiring certification, they do not address selection arising from its disclosure at time

of sale. This is a valid concern as the aforementioned papers all draw on samples from

years prior to – or years close to – the implementation of the EU Energy Performance of

Buildings Directive requiring disclosure of energy certificates. Hyland et al., (2013) raise

this concern early in the literature; the authors find evidence of households selecting into

reporting energy certificates based on observables. Households of larger size and closer

to urban areas were more likely to disclose, which were those households with higher

property values ex-ante. Hyland et al. replicate the study from Fuerst et al., (2015) on a

dataset of property transactions between 2008-2012 (post-EU-directive). Controlling for

sample selection, they find much higher premiums: 11% for A-rated properties and 5.8%

for B-rated. This places under scrutiny the estimates of studies using data around this

time frame.

Recent papers from the field have access to better data with longer time frames. A cri-

tique of the earlier literature is the failure to appreciate the dynamic nature of energy

efficiency improvements. These papers consider only a property’s possession of a certifi-

cate, its energy ratings, or its efficiency score at one point in time – omitting information

from energy efficiency scores that call into question their causal nature. Sejas-Portillo

et al., (2020) highlight this as a source of bias by showing that property price premiums

vary discontinuously for those at the threshold of the next rating bands. Applying a

Regression Discontinuity Design, they show that properties at the threshold but in the
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next rating band receive premiums ranging between 0.8-2.5% reflecting the value of the

improvements undertaken. They also show that properties at the threshold but in the

lower rating band are much more likely to make quick energy efficiency investments to

move into the next band – reflecting that seller’s behaviour varies discontinuously at the

border. Failing to control for the score and hence the distance to the next band biases

estimates of capitalisation in two ways: i) as those in the higher band obtain price pre-

miums, and ii) those in the lower band may in fact adjust upwards their asking prices. A

recent study by Aydin et al., (2020) show that measurement error also biases estimation

when it is not corrected for. Such error arises from differences in engineering assumptions

between assessing engineers and even from errors in data entry. The authors provide

the one application of a 2SLS approach from the literature. They apply this to correct

for measurement error and to obtain causal estimates of the capitalisation rates present

throughout the Netherlands; finding that energy efficiency improvements are capitalised

into prices at a rate of 2.2% for every 1% increase in the score.

3.3 Data

I acquire the data used within this chapter from two open-source databases: the Energy

Performance of Buildings database (supplied by MHCLG) and the HM Land Registry

Price Paid database.18 Both property-level datasets, the former records data on energy

efficiency scores, consumption, and structural characteristics, allowing this chapter to con-

trol for property size (floor space, number of rooms, bedrooms, reception rooms), quality

(discrete values of quality for a property’s roof, walls, windows), and energy consump-

tion and environmental impact (energy usage, efficiency, and CO2 emissions). Detailed

data on transaction prices are obtained from the Land Registry to track price changes

between energy performance certificates (EPCs). Contained within the dataset are the

exact transaction dates for each sale, which I use to isolate the properties listed on the

market in a given year. Both datasets lack a common property identifier, requiring the

use of a multi-rule matching process to merge the two. More details can be found in the

18MHCLG is the Ministry of Housing, Communities and Local Government.
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Appendix B.1.

3.3.1 Energy Performance Certificates Policy

From 2008, households looking to sell their property were legally required to supply

prospective buyers with an up-to-date EPC, as per EU legislation. Mandating EPCs

was expected to increase transparency in the selling process and provide households with

an incentive to differentiate their property on the market by improving their energy ef-

ficiency.19 A by-product of the legislation meant that buyers could now distinguish a

property’s quality, sending signals to potential buyers. A key measure of quality comes

in the form of energy efficiency. Energy efficiency measures are reported within an EPC

in two ways: i) in a categorical manner that provides the property with a rating between

A-G (A being the most and G the least efficient), and ii) in a continuous manner providing

a score ranging from 0-100.20 Both are produced in line with the The Standard Assess-

ment Procedure (SAP) which calculates a fuel-cost based measures that is subsequently

used to calculate energy efficiency scores. After accounting for property size, properties

that maintain ambient temperatures at higher (lower) running costs receive lower (higher)

energy efficiency scores. The SAP procedure has undergone changes in 2009, 2012 and

recently in 2022 to reflect changes in best practice – most recently to account for climate

information in the calculation of energy efficiency scores across the country.

As the rollout of EPCs continued, basic energy efficiency reporting became integrated

into popular search platforms from 2010, allowing buyers to form expectations regarding a

property’s efficiency well in advance of a sale.21 More in-depth information, such as energy

costs and structural characteristics, usually exchange closer to the time of sale, factoring

less into buyer’s purchasing decision. A drawback for most studies is that EPCs are

valid for a period of ten years, irrespective of recent refurbishment. This raises concerns

around the accuracy of their information. For example, their effectiveness in capturing

home improvement activity due to the non-necessity of updating the EPC, and the lack

of real-time information arising from the depreciation of existing property features. Both

19A detailed example of an EPC can be found in Appendix B.5.
20With properties rated A and properties scoring closer to 100 being the most energy efficient.
21Popular platforms in the UK include Rightmove and Zoopla.
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may lead buyers to make uninformed pricing decisions. For this chapter, I make two

assumptions: i) rational homeowners request new EPCs after improvements have been

undertaken, and ii) buyers are attentive to EPCs across their chosen neighbourhood at

the time of purchasing. The timeframe of the sample (2009-2019) means there are only

limited EPCs that may reach the ten-year expiry date; using EPCs as a proxy for whether

or not a property upgraded then seems reasonable.

3.3.2 Dataset Used to Define Clusters

I exploit a dataset of unique sales – each accompanied by an EPC containing energy effi-

ciency information – across the London Travel To Work Area (TTWA). Using the London

TTWA as a target area has both benefits and limitations. The large population provides a

healthy degree of property churn unmatched by other cities. However, property in London

is comparatively more expensive, impacting on household’s valuation of energy efficiency

characteristics. I show in Appendix B.8 that prices in London peak at twice the national

average before declining from 2016 – meaning the trend does not worsen across the sam-

ple. Households facing higher housing costs are more likely to be credit constrained, less

able to undertake home improvements, and will rank other property features above energy

efficiency. To overcome this, I remove flats from the dataset and keep only free-standing

properties for the econometric analysis.22 Households living in flats are more likely to be-

long to this constrained group whilst also encountering greater difficulty installing home

improvements, owing to their modern construction and constrained designs. Their inclu-

sion in the analysis would likely bias any estimate of a neighbourhood effect. I collect a

cross-section of 550,000 unique observations from across 395,000 unique properties over a

period of 11 years which I use to identify energy efficient property clusters from property

listings in a given year.

3.3.3 Defining Energy Efficient Clusters

In this section I set out the approach used to define the spatial extent of the efficient

clusters. Clusters capture similarities in energy efficiency scores between nearby prop-

22Flats are used to assign treatment/control groups but are subsequently dropped from the econometric
analysis given their limited scope for energy efficiency improvements – making them a poor case study
for exploring neighbourhood effects.
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erties and define the extent of the neighbourhoods attractive to those with preferences

for efficient properties. The terms cluster and neighbourhood are used synonymously

and are akin to peer groups in this chapter. Clusters then provide a strong test-bed on

which to evaluate the presence of neighbourhood effects in energy efficiency investments.

Previous attempts in the housing literature only consider proximity when defining peer

groups (Szumilo, 2020, Bollinger and Gillingham, 2012, Bollinger et al., 2020). I argue

that this is an oversimplification of a complex decision-making process taken by buyers,

as it i) fails to provide reasoning as to who households perceive their peers to be, and

ii) defines peer/neighbourhood effects in a static way – failing to account for the influ-

ence of new movers. This chapter adopts the view that the influence of one’s peers is

driven by the household’s choice of peer group as much as their proximity. The same is

concluded by Anenberg, (2016) who finds that sellers set prices in accordance with simi-

lar properties listed nearby (neighbours that are proximate and characteristically similar).

Neighbourhoods with a high degree of similarity should be those with historically high

levels of spatial interactions, as households imitate each other. This makes such locations

a good test-bed for identifying neighbourhood effects. The approach to creating clus-

ters aims to capture these exact locations and identify tipping points in energy efficiency

scores that define the boundary of such interactions. At this border, I estimate the pre-

mium buyers attach to locating within a highly-efficient property cluster over-and-above

a poorly-efficient property cluster. Leveraging energy efficiency scores reported within

property listings, I capture the information visible to buyers at the time of their property

search. Similarity between scores is measured on a continuous scale and is calculated

using the clustering algorithm developed by Ord and Getis, (1995). The algorithm runs

across each property within the sample and estimates the degree of spatial autocorrela-

tion in the energy efficiency score with proximate neighbours. Similarity is measured as

the degree of spatial interconnectedness between the scores. Running the algorithm over

properties listed on the market in each year returns a set of clusters identifiable from

listings and allows me to test whether the information observed by buyers informs their

pricing decisions related to residential energy efficiency.
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The Getis-Ord algorithm has been applied across multiple disciplines, mainly in fields

related to geography and health. Its most notable deployment in the field of environ-

mental economics comes from Graziano and Gillingham, (2014) who explore clusters of

Solar PV adoption and its diffusion across space in Connecticut, US. The authors only

use the outputs in a set of summary stats without employing the within the empirical

strategy. The algorithm has also been employed to analyse the clustering of economic

activity, productivity and employee remuneration across the UK (Patacchini and Rice,

2007). While the algorithm is a strong tool for producing data and descriptive evidence,

its application in econometric studies remains limited.

The flexibility of the algorithm allows me to construct clusters based on the timing of

information released to the market through property listings. In a later robustness check,

I re-estimate the algorithm after removing the listing (information) channel (see later in

the section). The algorithm is presented mathematically in Eq.(11).
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− (X̄2). For each property i, the algorithm

identifies the difference between the local sum and the expected sum of energy efficiency.

The local sum takes the current energy efficiency score x of each neighbouring property j

listed in year t and weights it relative to the spatial proximity of all {i, j} pairs. Spatial

proximity represents a measure of density and the degree to which properties could be

considered to exhibit close contact. The expected sum takes the average energy efficiency

of all neighbours X̄ and multiplies by the sum of the spatial proximity. Given the degree

of proximity of one’s peers, this estimates a baseline energy efficiency that the locality

ought to exhibit. Subtracting the expected from the local sum identifies properties be-

longing to clusters where energy efficiency is higher- or lower-than that expected (the

numerator of Eq.(11)). This is enough to identify the sign of the difference between the

local and expected sum, but not its statistical significance. Using the denominator, the
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algorithm normalises this difference by the standard deviation of the energy efficiency

scores and spatial weights which outputs a Z-score to be used for significance testing.

One identifies a significant cluster when the local sum differs from the expected sum by

such a large amount that the difference cannot be the result of random chance. Those

with large (small) differences are identified as significant (insignificant) clusters. Two

types of clusters are identified under this approach: clusters of properties with greater-

than-average and clusters with lower-than-average energy efficiency scores. Using this

approach achieves the goal of allowing peer groups to form on the basis of characteristics

(energy efficiency) as well as proximity (defined by the weights).

I place a set of restrictions on the algorithm to ensure the proximity is captured accurately.

Neighbourhood effects are likely stronger across shorter distances, so I first restrict the

proximity of the weights w. I allow each property to find neighbours within 0.5km and im-

pose an inverse distance weighting that assigns lower weights to more distant neighbours.

Imposing distance weights allows me to choose an arbitrary search radius and means

that properties at a distance greater than 0.3km are effectively excluded. After choosing

neighbours and calculating the strength of spatial relationships for all properties (G∗
i ), I

then sort properties into clusters. Clusters are formed by grouping properties with greater

similarity scores that lie within 300m of each other. The chosen grouping method aligns

with Rossi-Hansberg et al., (2010) who find this to be the half-life of spatial spillovers.23

One can think of this as a residential cluster. It is plausible therefore that each household

is able to visually observe properties within its cluster and draw information – thereby

acting as a peer group. Using yearly listings data allows a property and area’s treatment

status to change across the sample as the area’s perceived energy efficiency varies exoge-

nously with the properties entering onto the market. This creates an entry-and-exit style

treatment that I exploit later in the chapter to estimate neighbourhood effects in energy

efficiency improvements.

I provide a visual illustration of the clustering output in Figure 3.1. Each point represent

23For example: if property A groups with property B and property B then groups with property C,
all three properties then form a cluster.
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a property sold within the respective year alongside its cluster classification. To avoid

detecting false relationships, the algorithm is run separately for areas North and South

of the river Thames such that relationships do not transcend the river.

Figure 3.1: Getis-Ord Analysis of Property Listings: London TTWA 2012

NOTES: The Getis-Ord statistics is computed on a property-by-property basis and returns hotspots

(areas with higher-than-expected efficiency) and coldspots (areas with lower-than-expected efficiency).

Insignificance captures properties that do not differ significantly from the average efficiency. This figure

shows the G∗
i statistic calculated for each property in the sample in 2012 using Eq.(11).

Points coloured in red identify properties belonging to efficient clusters (hotspots), whereas

points coloured in blue/green identify properties belonging to inefficient clusters (coldspots).

Inefficient clusters is a catch all term used to identify locations predominantly fostering

poorly-efficient properties or properties for which no significant spatial relationships exist.

I omit such clusters as they are not important for the empirical strategy. Efficient clusters

are identified across London with no obvious spatial pattern – which points to random-

ness in the spatial distribution. By grouping properties based on these categories, I am

able to create clusters bounded in space; these then represent a boundary at which energy

efficiency scores reach a tipping point. At the edge of these boundaries, properties become

less energy efficient. I cluster properties in a way that replicates as closely as possible
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the buyer’s property search procedure. Properties are grouped if they are all deemed as

hotspots and if they lie within 300m of each other. These are then connected in a dot-to-

dot fashion to define the spatial extent of the similarity (see Appendix B.9). A minimum

bounding geometry is applied to the resulting polygon designed to encapsulate it within

the smallest parcel possible. Figure 3.2 provides a visual illustration. A circular bounding

approach is chosen for two reasons: i) it allows for a smooth border that does not favour

one side of the cluster more than another (in the way that a shape with vertices would),

and ii) it provides a result similar to the radius search function available to buyers scouring

popular property portals (see Appendix B.4). Buyers are expected to search for properties

in a similar fashion to that replicated here. Turning attention towards the output we see

even covering of efficient clusters across London – a number of which actually arise within

inefficient clusters. In this case, preference is given to the efficient cluster with properties

designated as such. Efficient clusters can also contain properties with poor energy effi-

ciency scores. This is important for the identification strategy, as their inclusion allows

any premium at the border to reflect the signalling arising from energy efficient properties

on the market. Without energy-inefficient properties, one might attribute this instead to

a general amenity associated with neighbourhoods where all properties are energy efficient.
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Figure 3.2: Highly- and Poorly-Energy-Efficient Clusters: London TTWA 2012

London TTWA

Highly Efficient Neighbourhoods

Poorly Efficient Neighbourhoods

Coldspot Properties

NOTES: Neighbourhoods are created by clustering properties based on their z-scores and employing a

bounding geometry (the circular polygons) to envelope hotspot and coldspot properties in the smallest

geometry possible. This figure illustrates an example of the bounding process using inputs from Figure 3.1.

3.3.4 Summary Statistics

While this cross-section of property sales is sufficient to identify every efficient cluster, it

does not provide the most appropriate setting to estimate a price premium for a number

of reasons: i) the inability to control at a granular level for location characteristics, ii)

the computational inefficiency associated with trying to do so, and iii) issues related to

the correlation between the location of the cluster and the energy efficiency of residing

properties. For this reason I adopt a repeat-sales approach that observes the same prop-

erties in at least two different time periods (two different sales). From the dataset I obtain

a panel of 190,000 unique observations. The full sample of repeated sales are retained,

including those properties that are purchased for speculative reasons or for quick renova-

tions, as such buyers are expected to respond to market information and peer influences.

A benefit of this approach is that it avoids bias in estimation by using a different sample

from that used to define the clusters. I can be confident in this way that correlations
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between similarities in energy efficiency and prices are minimised. Summary statistics

for the sample used within the econometric analysis are presented in Table 3.1. These

are presented at the border for both the treatment and control group, where the for-

mer identifies properties within an efficient cluster and the latter captures those on the

periphery.

Table 3.1: Balancing Test at the Border of Efficient Clusters

Treatment Control Balancing

Mean Sd Mean Sd t p> |t|

Price 435,381 272,871 481,044 332,648 -7.41 0.000

Adj. price 542,018 129,456 519,241 137,901 8.38 0.000

Dist. to border 45 31.9 47.1 37.8 -3.02 0.003

Current efficiency 73.8 14.6 64.3 15.3 31.15 0.000

Potential efficiency 81.4 10.9 76.8 12.3 19.38 0.000

Unrealised Efficiency 7.6 10 12.5 12.04 21.9 0.000

Energy cost (.sqm) 7 3.9 9.3 4.6 -26.72 0.000

Energy consumption 169.4 122.7 245.4 128 -29.80 0.000

Window glazing % 84.4 31.8 81.8 33.7 2.99 0.003

Floor Area 101.6 42.1 99.6 43.3 2.37 0.018

No. rooms 4.6 1.4 4.7 1.4 -1.62 0.105

Observations 5,146 4,533

NOTES: This table presents the unconditional means for a set of property characteristics.

Data presented are for properties within 112m of the border, the bandwidth selected for the

baseline RD later. Treated neighbourhoods are the energy-efficient neighbourhoods denoted by

the Getis-Ord clusters. Prices here are stripped of their time and location drivers by including

property and time fixed effects. Energy cost measures the estimated spend on utilities (heat,

lighting and hot water) in GBP for a house of given structural characteristics and size.

The first thing to notice is that regular prices are significantly higher at the border for

properties in the control group – £481k versus £435k. One can be confident that this dis-

crepancy does not reflect differences in the structural characteristics of properties as the

number of bedrooms – an important determinant of prices – is balanced at the border.

A more plausible explanation lies in the significant differences between current energy

efficiency scores from which the clusters are defined. This likely drives a vintage effect

whereby properties on the periphery of clusters are a little older. The average current

energy efficiency score for treated properties (74) exceeds that of control properties (64)

by roughly ten points. The difference is large and statistically significant, potentially

explaining the price differentials. Such a difference confirms that the approach taken
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to define clusters is robust and delivers the expected tipping points. If buyers truly

value higher energy efficiency, then this ought be reflected in higher prices in treatment

neighbourhoods. Adjusting prices to remove the effects from energy efficiency character-

istics reflect exactly this. The average price for a property within a treated cluster is now

around £542k compared with just £519k for a property in the control group. Higher prices

provide descriptive evidence that buyers can distinguish between treatment and control

neighbourhoods through their attentiveness to energy efficiency scores. Reassuringly, dif-

ferences between the potential energy efficiency scores are not economically significant –

though they are statistically significant. With scores of 81 and 77 in treatment and control

neighbourhoods respectively, it is reasonable to assume that this is not large enough to

warrant changes in buyer preferences. A slight concern is that a score of 81 is the cut-off

for energy rating band B, leading the average property in each group to fall into different

rating bands. Controls for unrealised efficiency – the difference between the potential and

current energy efficiency score – are included in the RD which control for a property’s

potential. This measure captures the energy efficiency not yet realised by the household.

Balancing potential efficiency scores between groups is less important given that I control

for it in this way. Such differences are important for this paper and instead explain why

properties in some areas make energy efficiency improvements more so than others. Only

minor differences in structural characteristics exist at the border – mainly in terms of floor

area which is controlled for in the empirical strategy. Price discontinuities at the border

should therefore reflect differences in current energy efficiency scores. It is worth noting

that treatment groups have a notably higher proportion of homes constructed post-1976

than in control groups (see Appendix B.16). I take the stance that this is not considerable

enough to, first, be easily noticeable, and second, to alter buyers preferences for a neigh-

bourhood outside of that explained by energy efficiency. To support this view, I show in a

similar comparison in Appendix B.14 that there are no noticeable differences in the built

form of these properties (i.e. detached, semi-detached, terraced etc.). The repeat sales

approach in any case should capture any differences in construction age beyond what is

already controlled for.
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Figure 3.3: The Distribution of Energy Ratings at the Border

NOTES: This figure illustrates the proportion of properties in the sample that occupy each combination

of current-potential energy rating. The total in the right-hand column represents the proportion of

properties falling in each current energy rating band.

Having established significant differences in energy efficiency scores at the border, Fig-

ure 3.3 presents a graphical representation of the distribution by treatment status. The

vertical and horizontal spread of both graphs are similar – illustrating a similar distri-

bution of potential energy efficiency scores. Higher energy efficiency scores are more

prevalent in the treatment group where 71% of properties rated B-C compared with only

46% in the control group. Conversely, lower scores are more prevalent in the control group

where nearly 50% are rated D-E compared with just 26% in treatment neighbourhoods.

The differences are stark – evidencing the identifying assumption that buyers are able to

identify neighbourhoods with clusters of energy efficient properties. An important fea-

ture of the approach to defining neighbourhood treatment is that both groups have some

degree of distribution across the rating spectrum. In other words, both treatment and

control groups have a common support from each rating band. This way, I am not iden-

tifying the returns to energy-efficient properties, but to neighbourhoods with potential to

make returns from improvements captured by the signalling of energy efficiency through

property listings. Finally, the presence of inefficient properties within treatment neigh-

bourhoods provides incentives to make improvements, and variation enough to identify

neighbourhood effects.

100



3.3.5 Identification of Neighbourhood Effects

Any price discontinuity at the border should reflect a premium associated with locating

within an efficient property cluster. In using property clusters to identify this premium,

a number of assumptions should be made to ensure their exogeneity. Firstly, with re-

gards to the cluster’s timing, which acts as the shock. Standard RD approaches require

an exogenous event that modifies behaviour, but often this is difficult to find in spatial

RD.24 Exogeneity in this study requires that clusters are formed independently of other

characteristics, meaning they cannot be manipulated by households. I exploit the random

timing of household listing behaviour across the neighbourhood, leveraging the fact that

nearby properties must i) list in large-enough numbers, ii) have similar energy efficiency

scores, and iii) must be located within spatial proximity. Owing to these three constraints

placed on the algorithm, the ability of households to manipulate their inclusion within

a property cluster should be limited. Secondly, cluster borders should not be correlated

with other factors that could confound property prices. For example, observing discon-

tinuous levels of education between households at the border could affect property prices

through unobserved mechanisms related to income or property quality. The identification

assumption requires that households on both sides of the border are indistinguishable

in terms of their characteristics and surroundings – differing only in their energy effi-

ciency levels. This would make buyer attentiveness to EPCs across the neighbourhood a

necessary condition for identifying the price premium (otherwise, one would observe no

price differences). A downside of the data is that I cannot observe individual household

attributes. To circumvent this, I use proxies to disprove the fact that the formation of

clusters is driven by inherent differences in these locations. Efficient property clusters

that contain different property compositions to bordering locations by design will house

households of differing characteristics. I present a set of RD estimates for a handful of

neighbourhood characteristics, covering the ownership rate, qualifications, occupation and

age demographics, in Appendix B.18. Estimates show that there are no discontinuities in

any of the measures at the border of efficient clusters, suggesting that the results do not

capture differences in demographics. Instead, balancing tests at the border (see Table 3.1)

24Mainly because spatial policies would induce residential selection that confounds estimates.
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suggest that this is driven by energy efficiency alone.

Thirdly, beyond neighbourhood characteristics, we should also not observe structural dif-

ferences between properties. If this were the case, one may attribute the premium to

better quality properties within efficient clusters and not from differences in residential

energy efficiency. Summary statistics presented in Table 3.1 show that this is not the case,

as properties are very similar in their size, number of rooms, and window glazing. We

also observe similarities in build type across the border (see Appendix B.14). In defining

clusters, I am confident then that they accurately capture differences in energy efficiency

scores and not differences in demographics or structural characteristics. This removes the

threat of factors that may confound property prices, meaning that the clusters should be

exogenous in their size and location across space. Finally, given that differences at the

border arise from energy efficiency scores alone, I control for the property-level current

efficiency scores so as to avoid issues related to omitted variable bias. This allows me to

capture how households value location within a cluster alone.

I show that these exogeneity conditions hold and deliver an exogenous treatment through

which neighbourhoods can be separated based on their energy efficiency. I use this treat-

ment to identify two different types of neighbourhood effects: firstly, neighbourhood ef-

fects in the market for property purchases. A necessary condition to identify this effect is

that prospective buyers are attentive to EPCs across the neighbourhood, such that they

can distinguish the efficient property clusters from the regular neighbourhood. Exogeneity

conditions satisfied, there would be no other reason for buyers to choose the property clus-

ter. Evidence of a price premium for locating within a property cluster would then suggest

a neighbourhood effect arising from the mass-listing of efficient properties. Identification

therefore requires that buyers use EPCs to source information regarding the energy effi-

ciency scores of nearby properties and use this to select into efficient property clusters.

Secondly, I identify neighbourhood effects in the market for property improvements. I

exploit the selection of buyers into these efficient property clusters as an exogenous shock

to the peer group of incumbent households (those households already established within
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the area). Each year of exposure to this change in peer group ought to increase their

likelihood of making property improvements due to exposure to selecting households with

preferences for energy efficiency. Identification of this effect rests on three assumptions:

i) the random location of property clusters ensures that these people ought not differ in

terms of their characteristics (exogeneity), ii) that price effects from property clusters at

the border do not persist over time (excludable), and iii) that exposure to the improve-

ments made by selecting households is important in explaining those made by incumbent

households (relevance).

3.3.6 Discontinuities in Price

Figure 3.4 shows the discontinuity in prices at the border of efficient clusters. The border

is defined at 0 on the x-axis, with properties to the right representing those falling within

an efficient property cluster.

Figure 3.4: Price Discontinuity

NOTES: This figure illustrates the regression discontinuity plot of property prices at the border of energy

efficient clusters (neighbourhoods). The x-axis measures distance in metres to this border, with negative

(positive) values representing residence within the control (treated) group. The plot is conditional on a

set of property characteristics, namely the sale year, floor area, and current energy efficiency score.

One can see a declining price gradient within control neighbourhoods, but one that be-

comes flatter as it approaches the border of the efficient neighbourhood. At the border
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we see a small up-tick in prices, highlighting the discontinuous jump in energy efficient

scores. This soon dies out further into the cluster. The small spike in prices suggests that

we could observe a difference in prices. One would expect this to be larger once we control

for property location, where we would expect to see heterogenous price effects across the

city.

3.4 Empirical Analysis

In this section I present the empirical strategy used to estimate the price premium paid for

residence within an efficient property cluster. Neighbourhood selection decisions are dis-

crete in nature; buyers either choose to locate within an efficient or non-efficient property

cluster and adjust their price offers accordingly. Given that these clusters are randomly

distributed across space, I am able to exploit their spatial boundaries to estimate a dis-

continuity in property prices. Below I set out the empirical strategy to estimate this

in a way that exploits the panel data structure and the entry and exit of households to

treatment (through residence in an observed efficient property cluster). Any discontinu-

ity estimated reflects the premium buyers are willing to pay to reside within an energy

efficient property cluster over-and-above that of an non-efficient one. Estimates from this

approach represent the extensive margin and the main result of this section. Estimates

of this result at the intensive margin are presented in Appendix B.3.25

3.4.1 Identifying a Premium

The discrete choice buyers make between property clusters allows this chapter to estimate

a discontinuity at the precise point when the cluster becomes treated. Section 3.3 outlined

the approach to defining property clusters in each period, creating a set of locations

bounded in space. Properties listed on the market in a given year are then assigned to

a property cluster based on energy efficiency scores in their surrounding area – allowing

this chapter to exploit this as a treatment. I hypothesise that buyers undertake a similar

exercise to locate property clusters using the energy efficiency scores reported in listing

25The intensive margin measures the strength of spatial relationships in energy efficiency scores between
properties. These scores are used to create property clusters and act as a proxy to measure neighbourhood
effects and the degree to which this is reflected in prices.
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adverts. Here I test whether we can accept this hypothesis that buyers are attentive to

energy efficiency scores across their chosen neighbourhood and whether this generates

a discontinuity in property prices. The identification strategy therefore relies on buyers

gathering information from the market for their chosen neighbourhood. I provide evidence

later in the section that buyers do in fact undertake this procedure. Gathering such

information would allow buyers to distinguish with relative precision the spatial extent of

property clusters. Using the bounded cluster defined in the previous section, I employ a

spatial Regression Discontinuity (RD) framework that exploits turning points in energy

efficiency scores, but that keeps constant all other covariates. I estimate this model on

a sample of repeat sales to better control for property composition over time.26 This is

represented in equation in Eq (12).

log(Pit) = β0 + β1Tit + β2δit + β3Xit + ψi + ϕt + ϵit (12)

The RD framework differs from the canonical model in that the running variable cap-

tures spatial distance from the treatment border δ allowing the regression to place more

weight on properties closer to the border of the property cluster. Distance to the border

is centred at zero, meaning that the border of the property clusters act as the treatment.

Treatment captures the sale of a property i at time t by cluster type such that T takes

the value 1 if a property sells in an efficient property cluster – when 1[δit > c] – and 0

otherwise. The coefficient β1 captures the price premium paid to reside within an efficient

property cluster over-and-above residing outside on the periphery. Exploiting the border

as a treatment is possible given randomness in their location, as characteristics on both

sides of the border should be balanced. To ensure this is the case, I include a vector of

property-level controls X. Included in this is a control for property floor space, owing to

a marginal difference in property size outlined in Table 3.1. I further control for current

energy efficiency scores at the property-level given that property clusters are defined on

the back of this and the inherent differences at the border. Marginal differences exist

in the potential of properties at the border identified in the balancing tests. I augment

26This approach limits over-representing certain property types in different years (i.e. detached, semi-
detached, terraced.
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the regression with a control for unrealised efficiency to capture differences in investment

potential. This signals how buyers value a property’s investment potential. Including

these covariates captures most property-level variation in characteristics. Included in the

regression are a series of dummy variables controlling for the year of sale ϕ which cap-

ture variation in the property market. Using a repeat sales approach further allows me

to capture unobservable changes made to a property outside of those related to energy

efficiency whilst further allowing the inclusion of a property fixed effect ψ to control for

time-invariant characteristics between properties. Capturing within-property variation

excludes properties whose treatment status does not change. Estimates of the premium

thereby capture entry and exit from treatment and estimates the premium upon entering.

The battery of controls used should capture all alterations made to a property over time,

thus allowing a more accurate estimate of the price premium whereby the only variation

arises from the change in treatment status. Property clusters are defined using data from

property listing adverts, therefore one would expect the premium to coincide with changes

in information from listings. A number of robustness check are undertaken to prove this

later in this section. Finally, popular property search portals began advertising EPCs

within listing adverts during 2010. Properties treated before this point are removed from

the analysis to ensure continuity in the information source available to buyers.

Leveraging variation in listing adverts to define property clusters, I am confident that

their size and location are as good as random and cannot be manipulated by buyers.

A multi-step process is undertaken to ensure that the borders defined under the clus-

ter creation process are exogenous. Firstly, property clusters are formed based on the

characteristics of proximate properties. The clustering algorithm generates a measure of

spatial correlation in energy efficiency scores for each property based on the scores of

their neighbours. This ensures that a household cannot manipulate their own measure.

Properties that lie within 500m of each other are considered neighbours, with those of

increasing distance receiving less weight in the spatial correlation measure. It is therefore

the characteristics of one’s most proximate neighbours that determine inclusion within

a property cluster. Restricting the algorithm in this way means that households cannot
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free-ride off of the characteristics of the wider neighbourhood. Only spatial correlations

at a fine, granular level should be captured in this case. Secondly, to circumvent issues of

spatial correlation in listing behaviour, I set a threshold requiring that each property have

at least 10 unique neighbours from which to identify spatial clustering, with all selling in

the same year. This feature negates the possibility that a group of properties choose to

list their property in the same period for mutual benefit. Households cannot game the

process under this approach by falsely signalling the quality of a neighbourhood. Besides,

selling a property is both time and resource intensive. Recent evidence from Zoopla sug-

gests that it takes the average property 185 days to complete a sale (from time of listing

to selling).27 It is unlikely that this approach identifies such properties, and should only

capture properties who are similar in energy efficiency score. Finally, in the unlikely event

that the first two criteria are not satisfied, it must be the case that properties are of similar

energy efficiency score and that this be significantly different from that of the expected

score. Manipulation would require that all properties be of similar score to the wider area

– requiring that significant home improvements be undertaken. This also seems unlikely,

given that all homes within the area would have to be on board. Border manipulation

could also be the present if the identified properties were all newer-builds (i.e. properties

built with the same specification and with lesser time for energy-efficient installations to

depreciate). I show in Appendix B.16 that these properties are not over-represented in

the sample and provide reasonable evidence that borders are not manipulated by sellers.

It is therefore highly unlikely that sellers could alter their inclusion/exclusion from the

treatment.

A series of robustness checks are undertaken to validate the mechanism behind any dis-

continuity. Firstly, I show in Appendix B.2 that for the majority of efficient property

clusters defined over the sample period, the borders do not overlap with administrative

boundaries – specifically, those of London boroughs (districts). While this is generally

true, there are few instances where this does occur. The empirical strategy should capture

this through the use of location fixed effects (see later). As a further robustness check,

and to show that such an overlap does not confound the main result, I re-estimate the al-

27https://www.zoopla.co.uk/discover/selling/how-long-does-it-take-to-sell-a-house/
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gorithm using property listings within-borough. Doing so avoids defining property cluster

that cross borough boundaries and contains the borders within the respective borough. I

detail this approach in Appendix B.2 and show that this chapter’s main result does not

change.

I show in the previous iterations that, even after changing the approach to defining clus-

ters, the results from the RDD are non-biased. I later test the robustness of the informa-

tion mechanism that operates through information reported in listing adverts. I achieve

this by delaying the listing channel and testing again for the presence of a premium. De-

laying the listing channel involves exploiting the gap in time between requesting a new

EPC and listing on the market. Doing so produces a sample of properties that have an

EPC score that is not visible to the market at the time of the request (as the property

is not listed). I use such properties to re-estimate the clustering algorithm and redefine

property clusters, thereby ensuring no information is available to buyers. If the previous

results are driven by the information channel, removing this ought to remove any price

premium for efficient property clusters. I re-run the clustering algorithm using properties

that request a new EPC but do not sell within a year. Running this for the year of the

EPC request ensures that information for such properties has not reached the market at

the time property clusters are defined. Properties are requesting new EPCs under both

property cluster definitions – the only difference being that these properties are not listing

on the market and therefore buyers cannot distinguish their locations. This should mean

that buyers have no information about the properties and potential property clusters of

efficient properties.
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Figure 3.5: Efficient Clusters Across All Years: Sale vs No Sale

NOTES: Clusters are created in the same way by merging properties based on their z-scores and em-

ploying a bounding geometry to envelope hotspot properties. No sale clusters differ only in that the

properties used to define them do not sell within a year of obtaining an EPC. This ensures properties are

not listed on the market at the time of cluster creation.

If no significant discontinuities exist at the border, one can speak to two points: i) buyers

are attentive to the energy efficiency scores obtained through property listings at a neigh-

bourhood level, and ii) properties within efficient clusters do not differ in their amenity

level relative to their peripheral neighbours.28 The latter is an important validation test

in proving the signalling mechanism at play. Figure 3.5 presents the efficient property

clusters for both specifications across all years in the sample. Property clusters defined

under this approach display a good deal of overlap with those defined under the origi-

nal approach, illustrating the robustness of the approach in capturing the true efficient

property clusters. I can be confident that the robustness check is capturing properties

in the same neighbourhoods with similar characteristics to the main specification. Any

differences in discontinuity can be directly attributed to the energy-efficiency signalling

occurring within listings, not the general amenity level.

28If they differed in amenities, we would still observe a price premium that was not the result of energy
efficiency differentials.
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3.4.2 Premium Estimates

Estimates of the premium are presented in Table 3.2 and are captured by the RD term

1.Cluster. I calculate the bandwidth for the RD in line with Calonico et al., (2014) who

develop a non-parametric, data-driven method to estimate the optimal bandwidth. This

procedure returns a bandwidth of 112 metres, implying that the effects are hyperlocal.

This may raise concerns that specific local characteristics are driving changes in market

activity at the border. One may hypothesise that property clusters are more attractive

for reasons unknown that change over time. A number of papers find evidence that buyer

location decisions are driven by the attractiveness of an area (Koster et al., 2014; van

Duijn and Rouwendal, 2021; Guerrieri et al., 2013; Autor et al., 2014). To circumvent

other confounding factors, I augment the spatial RD model with Location×Year fixed ef-

fects in Panel B and present the results alongside those for the baseline model in Panel A.

Location is captured at the Middle Layer Super Output Area (MSOA), a Census-defined

geography that partitions districts into smaller areas comprising between 5,000-15,000 in-

dividuals. This acts as a dynamic control for neighbourhood characteristics that capture

the area’s general attractiveness. The temporal nature of the control covers changes in

both the provision of amenities and changes in property quality at the neighbourhood

level, as one could imagine that gentrification effects arise from neighbourhoods that have

undertaken home improvements en masse. Reverse causality between amenities and prop-

erty quality in an area are corrected for using the aforementioned fixed effects approach.

Re-estimating this model, capturing instances where buyers may select into these neigh-

bourhoods for reasons outside of preferences for energy efficiency, ensures the resulting

estimates are not biased.

Panel A captures the baseline estimates for the RD including property and year fixed

effects. Column 1 estimates this premium without controlling for unrealised efficiency –

a proxy for a property’s investment potential. Including other property controls captures

the property-level determinants of prices, meaning the premium reflects a willingness to

pay for residence within a cluster as opposed to for the property itself. Estimates show

that buyers pay a premium 2.5% premium to reside within an efficient property clus-
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ter over-and-above that of an inefficient cluster. This is significant at the 1% level and

translates to a monetary value of around £9,500 for the average property residing in an

efficient property cluster. This is economically significant and reflects the willingness-to-

pay to reside in these locations. One would expect such a large premium to reflect an

expected benefit to household. Returns to an increase in the current energy efficiency are

significant and positive, highlighting that buyers increase their price offers in return for

more efficient properties. This signals buyer’s preference for properties that have made

energy efficiency improvements. I augment the regression with the property-level measure

of unrealised efficiency in Column 2 to capture household’s preferences for making im-

provements and to explain how buyers perceive their expected investment returns. Results

from my previous chapter suggest that buyers decrease their bids in anticipation of un-

dertaking and financing improvements. Running this regression on the population sample

finds the same reduction in bids (see Appendix B.6). Around the border, an increase in

unrealised efficiency between sales actually leads buyers to increase their bids for housing.

Paying more for properties in poorer condition, but that have potential, would suggest

that buyers anticipate higher returns on their investments within efficient property clus-

ters. This explains a small part of the premium paid for the neighbourhood – reducing

the coefficient marginally to 2.4% which is significant at the 5% level. Evidence from the

RD suggests that buyers are selecting into efficient property clusters in order to chase

higher returns on investment. I come back to this later in the chapter. Alternative tests

controlling for the impact of amenities are presented in Panel B. The coefficients are of

the same sign to those in panel A, but are smaller in magnitude. Column 1 suggests

that the premium is positive and significant, around 1.7% above that of contiguous inef-

ficient property clusters. Including unrealised efficiency in Column 2 slightly lowers the

coefficient to 1.6%. Both premium estimates are significant at the 5% level and reflects

a willingness-to-pay for residence within an efficient property cluster of roughly £6,100.

Expected returns to investment remain positive but become insignificant in this specifi-

cation, perhaps owing to the smaller sample. Put together, controlling for the location’s

attractiveness and access to amenities is important, otherwise it introduces positive bias.
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That being said, the estimates are robust to controlling for these factors and remain sig-

nificant.

I undertake placebo tests in Columns 3-4 to determine the accuracy with which buyers

can identify an efficient property cluster. I re-estimate the spatial RD after swelling and

shrinking the radii of each property cluster by 50 metres. This alters the size of the

clusters and the resulting location of the borders. Any discontinuity should disappear

if buyers can accurately determine the true location of efficient property clusters based

on property listings. In both panel A and panel B, this is the case. The discontinuity

coefficient is insignificant in all specifications and either turns negative or falls close to

zero. This suggests that the border is well-defined, as the price premium dissipate quickly

with distance from the true border. It further suggests that buyers are attentive to

energy efficiency scores of properties listed around these neighbourhoods. Estimates for

the effect of both current and unrealised efficiency remain generally unchanged, pointing

to similarities in preferences at either side of the border. This provides suggestive evidence

that the premium arises as a result of the energy efficiency reporting in listing adverts

and the impact this has on buyer perceptions of an area.
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Table 3.2: Estimates of the Price Premium for Efficient Clusters

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

Discontinuity Estimates Discontinuity Robustness

Panel A: Baseline RD

1.Cluster 0.025** 0.024* -0.021 -0.001

(0.009) (0.009) (0.020) (0.010)

Unrealised 0.003*** 0.002* 0.003*

(0.001) (0.001) (0.001)

Current 0.007*** 0.008*** 0.007*** 0.010***

(0.001) (0.001) (0.001) (0.001)

Property FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓
Adj. R2 0.784 0.786 0.755 0.792

Observations 8,871 8,871 9,346 8,193

Panel B: Baseline RD w/ Location×Time Fixed Effect

1.Cluster 0.017* 0.016* -0.015 -0.007

(0.008) (0.008) (0.024) (0.009)

Unrealised 0.001 0.001 0.001

(0.002) (0.002) (0.002)

Current 0.007*** 0.008*** 0.007*** 0.008***

(0.001) (0.001) (0.001) (0.002)

Property FE ✓ ✓ ✓ ✓
Location×Year FE ✓ ✓ ✓ ✓
Bandwidth 112 112 112 112

Adj. R2 0.958 0.958 0.945 0.961

Observations 2,576 2,576 2,004 2,921

NOTES: Standard errors clustered at the LSOA level in parentheses. Treated clusters are

those defined as energy-efficient under the Getis-Ord calculation. The regression includes

controls for the year of sale and follows a second-order polynomial. Flat’s are excluded from

the analysis. I swell and shrink the borders by 50m and re-estimate as a robustness checks in

columns 3 and 4, respectively. Bandwidth measured in metres from the border of the treated

clusters. + p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001

3.4.3 Robustness Checks

I undertake a series of checks to validate the robustness of the estimates. The previous

results speak to the discontinuity in prices induced by information reported in property

listing adverts. To show that it is the information contained within these adverts that

drives the effect, I undertake a set of robustness checks that estimate the discontinuity

after removing the listing channel. I remove this channel in two different ways. First, I run
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the RD using properties that have been reassigned to efficient property clusters outside of

the treatment window. In other words, I extract the properties located within the same

property clusters, only before/after the cluster’s treatment window. The entry-exit style

treatment means that these clusters are only treated when energy-efficient properties are

listed on the market. When buyers do not observe such properties through listings, the

information channel should be removed and the premium along with it. If it truly is

listings adverts that propagate the premium, then a discontinuity should only arise in

the year of reporting. Assuming that characteristics stay the same over time, we ought

not observe a premium. A potential issue with this approach is that popular property

portals such as Rightmove and Zoopla offer services that allow customers to view the

listings for historic sales. Such a feature provides a threat to this identification strategy

as one may suspect that buyers form neighbourhood expectations based on previous sales,

threatening the importance of information reported through property listing adverts in

the present year. While it seems implausible that buyers would study previous sales in

such a detailed way, I propose a second approach to remove the information channel. In

this approach, I tweak the property cluster definitions applied in Section 3.3 in two ways:

by creating property clusters i) based on the year of a property’s EPC inspection, and ii)

removing properties that request a new EPC within a year of selling the property. The

former captures each property’s energy efficiency scores at the time at which they make

home improvements, while the latter ensures that, when capturing this, the properties

are as-good-as guaranteed to not be listed for sale on the market. Buyers have no way of

sourcing information on energy efficiency scores under this approach while simultaneously

removing the influence of previous listings on the estimates. In fact, the property clusters

created here are the true energy-efficient clusters as they do not rely on households selling

to release information to the market. Proof of no discontinuity under this approach are

more robust. I overlay these clusters with those of the original definition in Figure 3.5.
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Table 3.3: Placebo Test Estimates of the Price Premium for Efficient Clusters

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

Out of Treatment Window Clusters using Non-Listers

1.Cluster -0.029 -0.005 -0.025 -0.058

(0.024) (0.028) (0.022) (0.037)

Unrealised 0.001** -0.000 0.002 0.007

(0.000) (0.000) (0.003) (0.005)

Current 0.006*** 0.005*** 0.011*** 0.011***

(0.000) (0.000) (0.002) (0.002)

Property FE ✓ ✓ ✓ ✓
Year FE ✓ ✓
Location×Year FE ✓ ✓
Bandwidth 112 112 112 112

Adj. R2 0.836 0.967 0.602 0.890

Observations 16,446 13,425 4,182 285

NOTES: Standard errors clustered at the LSOA level in parentheses. Regression follow

a second-order polynomial. Flat’s are excluded from the analysis. Bandwidth measured in

metres from the border of the treated clusters. The RDD is re-estimated on two different

samples: Columns 1-2 capture properties within efficient clusters that sell in years outside of

the treatment window. Columns 3-4 redefine clusters according to Eq.(11) using properties

that do not sell within a year of the EPC inspection – removing the information channel. *

p < 0.05, ** p < 0.01, *** p < 0.001

Both approaches produce remarkably similar definitions with regards to the locations and

size of the property clusters, providing a strong counterfactual for the exercise. The tests

outlined in this section should provide adequate evidence that property listings create a

premium. Together, these robustness checks shed light on the drivers of a price premium

and motivate the idea that buyers select into neighbourhoods based on energy-efficiency-

related characteristics. Results from two sets of placebo tests are presented in Table 3.3.

Column 1-2 present estimates for properties located in efficient property clusters but out-

side of the treatment window.29 Odd-numbered columns contain the baseline results while

even-numbered columns include Location×Time fixed effects. The results show that the

premium is no longer significant, nor is it positive in either specification or under either

approach. The estimates are noisy and so their magnitudes are interpreted with caution.

This suggests that the premium wanes over time and that reporting plays a big role in the

attraction of buyers to a cluster. Positive coefficients on unrealised efficiency shows that

29For example, if the cluster is identified as efficient through listings in year t = 2015, I only consider
properties that sell in periods outside-of-treatment in years t ̸= 2015.
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buyers still expect investment returns, but not to the same degree. This would explain

the lack of premium. Columns 3-4 present estimates for clusters defined using properties

not listed on the market. Estimates are similar to that of the first placebo test. The

premium becomes negative and insignificant in both Columns 3 and 4. Point estimates

are close to zero in both cases and the signs remain the same on both the current and un-

realised efficiency coefficients. Both placebo differ from the main results only in that they

exclude the reporting mechanism. One can be confident therefore that listings create the

premium within energy efficient property clusters as buyers learn from the information

reported within them.

Estimates from Table 3.2 return positive estimates for unrealised efficiency suggesting

that buyers pay more for properties with greater investment potential. Apartments are

excluded from these estimates on account of the difficulties posed in undertaking energy-

efficiency improvements. This would bias estimates of the premium if it truly is the

expectation of greater returns to investment that buyers are paying for. I present esti-

mates of the price premium using a sample of apartments only in Table 3.4. The results

confirm my hypothesis. Point estimates of the premium are either negative and/or close

to zero and statistically insignificant in all instances. The estimates are noisy, possibly

owing to limited variation in characteristics within blocks of flats. Significant coefficients

for current energy efficiency show that buyers still value energy efficiency improvements

that deliver benefits in the present (i.e. through reduced bills and improved thermal

comfort). However, we do not see any evidence that unrealised efficiency is valued by

buyers purchasing flats at the border. While buyers value energy efficiency, they do not

anticipate returns to undertaking investments and therefore reduce their bids for prop-

erties that are further from their energy efficiency potential. This provides suggestive

evidence that these households are constrained in their scope for making improvements

in apartments and gaining adequate price returns. To summarise, estimates in this sec-

tion provide evidence of two interesting features of the market: that i) that selection into

efficient neighbourhoods occurs, as illustrated by the associated premium, and ii) those

selecting into these neighbourhoods do so under the expectation of higher returns to in-
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vestment, illustrated by the premium paid for poorly-efficient properties.

Table 3.4: Apartments: Estimates of the Price Premium for Efficient Clusters

(1) (2) (3)

Discontinuity Estimates Discontinuity Robustness

Panel A: Baseline RD

1.Cluster 0.007 -0.012 0.006

(0.009) (0.019) (0.012)

Unrealised -0.002 -0.001 -0.005

(0.003) (0.003) (0.003)

Current 0.003* 0.004*** 0.003*

(0.001) (0.001) (0.001)

Property FE ✓ ✓ ✓
Year FE ✓ ✓ ✓
Adj. R2 0.760 0.755 0.765

Observations 7,737 7,998 7,487

Panel B: Baseline RD w/ Location×Time Fixed Effect

1.Cluster -0.001 0.008 -0.006

(0.008) (0.019) (0.010)

Unrealised -0.003 -0.002 -0.008*

(0.004) (0.004) (0.004)

Current 0.002 0.003* 0.001

(0.002) (0.001) (0.001)

Property FE ✓ ✓ ✓
Location×Year FE ✓ ✓ ✓
Bandwidth 169 169 169

Adj. R2 0.957 0.954 0.959

Observations 3,052 2,893 3,269

NOTES: Standard errors clustered at the LSOA level in parentheses. Treated clusters are

those defined as energy-efficient under the Getis-Ord calculation. The regression includes

controls for the year of sale and follows a second-order polynomial. Flat’s are excluded from

the analysis. I swell and shrink the borders by 50m and re-estimate as a robustness checks in

columns 3 and 4, respectively. Bandwidth measured in metres from the border of the treated

clusters. * p < 0.05, ** p < 0.01, *** p < 0.001

3.5 Mechanisms

The previous section provided evidence to support the presence of a premium for efficient

property clusters in the period of treatment. This is shown to dissipates in periods after

the treatment. In this section, I provide further evidence that energy efficiency reporting
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in listings generates this premium and that this creates neighbourhood effects among

incumbent households. The former is achieved by illustrating the exact timing of when

the premium arises. The latter I show to work through an exposure mechanism whereby

incumbent households (never movers) are exposed over time to new peers with preferences

for energy efficiency investments. The premium is found to reflect buyer expectations of

higher investment returns, resulting in a higher probability of making investments in these

neighbourhoods and higher returns for previously invested-in properties.

3.5.1 Identifying Premium Timing

Section 3.4 provides evidence of a discontinuity in prices owing to a premium for residence

within efficient property clusters. Removing the information mechanism removes the

premium. While this sheds light on the hypothesised mechanism, it does not illustrate

the exact time a premium arises and whether it is contemporaneous with energy efficiency

reporting within listings. Without this, one could speculate about the mechanism or even

favour other prognoses. To tease out the timing of the premium is to uncover whether

buyers are attentive to neighbourhood-level energy efficiency scores, whether they truly

select into specific neighbourhoods on the back of them, and whether this is reflected in

prices. Property clusters are defined annually meaning that properties could be treated

in each year. Standard event study or Difference-in-Difference approaches to measuring

price changes across time are therefore subject to bias. I instead employ an event study

approach with multiple treatment periods developed by Callaway and Sant’Anna, (2021)

to determine the timing at which the premium arises. Time is normalised (centred) to

the period of treatment – time zero when the property cluster is first treated – while

time for the other observations is measured as the number of years between sale and

treatment.30 Property prices are then observed before, during and after treatment, and

can be visualised on a continuous time scale. The treatment group comprises properties

that fall into a future- or previously-observed efficient property cluster – with properties

treated at time zero being those that fall into an observed efficient cluster. Treatment

occurs in every year, and properties remain treated after their first sale in an efficient

30For example, a property in an efficient cluster that becomes treated in year 2015 but sells only in
2013 would be assigned a time-period τ = −2.
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property cluster. This is justified by the methodology used to value properties on the

market, whereby RICS surveyors take as a property’s starting valuation the value of recent

nearby sales of similar quality (RICS, 2022). Estimates produced under this approach are

notoriously sensitive to how the control group is defined. The inability to observe a panel

of sales, given the infrequency of transactions, creates a further complication. Results

from the previous section evidence buyer’s ability to locate efficient property clusters. I

exploit this result here and use as the control group properties that lie outside but on the

periphery of an efficient property cluster. I find no previous evidence to suggest buyers pay

a premium for these properties given that they possess no intrinsic added value to selecting

households. This group should provide a strong counterfactual given that covariates are

balanced at the border and the only other difference between the two groups arises at

time of treatment when property listing adverts report energy efficiency information. If

buyers are truly chasing returns to their property investment and listing adverts provide

the source of information, then prices at the border should not differ in years prior to the

cluster being treated (observed). I test this by constructing a repeated cross-section of

property sales that occur within 50 metres of a property cluster border (for all years in

the sample). Various bandwidths are tested and the results were found to be hyperlocal.

Dissipating treatment effects after this threshold means that I choose a bandwidth of 50

metres. Given that RICS assessments produce property valuations using anchor properties

within these neighbourhoods, one would expect to see persistence in the premium at the

border as sales in subsequent years adopt the new baseline price at valuation. If this is not

the case and prices between the two groups do not diverge, this would provide evidence of

price spillovers at the border onto control properties. Appendix B.11 provides a graphical

illustration of the treatment and control groups while Appendix B.10 provides intuition

behind the construction of the time variable. Property prices are regressed on a series of

time dummies to compare differences between the treatment and control group over time

both before and after the period of treatment. The estimating equation is presented in

Eq (13).

log(Pit) = α +
τ=3∑
τ=−5

β.1(Eit = τ) +X ′
iβ + ϕi + ϵit, (13)
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Where the event Eit occurs when the time of sale t is equal to the time of treatment T

such that τ = t − Ti. Captured in τ is a property’s year of sale relative to its time of

treatment.31 In other words, treatment occurs at τ = 0 when buyers observe an efficient

property cluster from properties listed on the market. I regress the log of prices on this

treatment indicator which captures properties selling within an efficient property cluster

both within and outside of the treatment year for each period within the sample window.

To increase the sample size within-year, I restrict the sample to include properties that sell

five years prior and three years after a treatment window. This provides a large enough

sample window to observe pre-trends and the post-listing effect, respectively. Included

in the regression are property controls Xi that capture the current and unrealised energy

efficiency score, the total floor area, the year of sale, as well as distance from the efficient

property cluster and location controls. I further control for the property type and its year

of construction.32 There should be little variation in built form and year of construction at

the border, but inclusion in the regression should remove any bias arising from changes in

the composition of properties listed over time. The bandwidth around the borders are very

small geographical areas and should capture any further differences in property compo-

sition and location characteristics. The results should therefore identify price differences

between the treated and control groups arising from listings information alone – not prop-

erty characteristics. If buyers respond to energy-efficiency reporting within listings, price

differences between the two groups should be significantly different and positive at τ = 0

when an efficient property cluster is observed and insignificant in all other years (τ ̸= 0).

A similar Difference-in-Differences approach is undertaken by Ghosh et al., (2024) who

find that making it mandatory to supply buyers with an energy performance certificate

at time of sale generated a premium. Possession of an up-to-date EPC became a legal re-

quirement to sell from 2008. Reporting of these certificates within property search portals

only started taking place in 2010, however. For this reason, I choose to drop properties

that sell nearby property clusters created prior to 2010. I later re-include these clusters

and re-estimate the event study to see whether their inclusion affects the observed Av-

31For example, τ = −2 for a property residing within a treated cluster in 2015 but selling in 2013;
τ = 2 if treated in year 2015 but selling in 2017.

32Flats are removed from the analysis like in previous estimates. Property type here refers to the built
form, such as detached, semi-detached or terraced.
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erage Treatment effect on the Treated (ATT); results are presented in the Appendix B.13.

3.5.2 Premium Timing Estimates

Estimates from the event study are presented in Figure 3.6. Large confidence intervals

towards the poles of the time axis are symptomatic of the DiD approach with multiple

time periods. However, moving closer towards the treatment date at τ = 0, we observe

less noisy estimates. The parallel trends assumption is upheld with next-to-no differences

in prices between the two groups prior to treatment, as expected. It also proves that

coefficients are well-balanced, so that price differences do not arise as a result of discon-

tinuities in other characteristics at the border. The figure shows a spike in prices at time

τ = 0 when listings adverts are able to observe clusters of energy efficient properties.

Property prices for treated units in this time period increase above that of the control

group, generating a price premium. The only difference between periods τ < 0 and τ = 0

is the reporting of energy efficiency characteristics within listings, meaning the premium

can be directly attributed to the information spillover. While noisy and insignificant, the

figure demonstrates a slight persistence in the premium in the subsequent period before

prices in the two groups return back towards parity. One could hypothesise this to be

the result of spillovers onto control properties. This is not the case, however. A simple

plot of property prices for treated units in Appendix B.12 shows that, relative to the

baseline year in which clusters are treated, prices begin to decline after the treatment

period τ = 0. If the price of treated properties begin to fall after treatment and price

differences between the treated and control groups converge towards zero, then properties

in the control group must experience no change in prices. I can be confident therefore that

price premium does not spillover across the border and that buyers are simply purchasing

property at higher prices based on signalling coming from the market. Robustness checks

are implemented to check whether the results are sensitive to changes in the property

clusters included in the sample. Property portals reported EPCs in listings starting in

2010. Replicating the event study removing properties treated a year before and a year

after this period changes the results very little. Results from this exercise are presented
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in Appendix B.13. The only notable change belongs to the post-period results where the

ATT is marginally higher. Lower uptake of EPC in the early years of the EPC initiative

likely dampens the results slightly and explain why the results are larger when incorpo-

rating properties treated a year later. Because of sample size issues I cannot estimate a

placebo test using clusters prior to 2010, but this approach provides suggestive evidence

that there were limited effects of energy efficiency reporting on prices prior to 2010.

Figure 3.6: Event Study Estimates of the Price Premium by Period

NOTES: This figure presents the results from the event study. Properties selling within an efficient

cluster at any time represent the treated group, while the control group consists properties selling on

the edge of these clusters. A bandwidth of 50m has been chosen, capturing properties either side of

the efficient cluster (treatment) border. Property controls include the current efficiency score, total floor

area, property age, property type, and build type. Tests of the pre-trend return a p-value = 0.977 in

favour of accepting the null hypothesis H0: that all pre-treatment ATT’s are equal to zero.

3.5.3 Identifying Returns to Improvements

Having shown that energy efficiency reporting within listings is generating a price premium

– and with it, selection of households with preferences for energy efficiency into efficient

property clusters – I now explore the impacts this has on the uptake of improvements.

Two types of households exist: those that move property and select into efficient property

clusters, and those that do not move property. The latter are referred to as incumbent
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households and are defined as those that were already residing within an efficient property

cluster at the time it became treated. I explore the impact of undertaking improvements

on property prices for both groups. If we take the view that incumbents are more likely to

learn from selecting households and upgrade their properties, the capitalisation literature

would argue that this results in higher prices (Fuerst and Warren-Myers, 2018; Aydin et

al., 2020; Sejas-Portillo et al., 2020). An alternative strand of research would suggest that

the mere presence of selecting households generates neighbourhood effects that increase

prices (Guerrieri et al., 2013; Koster et al., 2014; González-Pampillón, 2022). The latter

can be easily estimated by including a variable in the regression denoting whether or

not the property resides within an efficient property cluster at time of sale, but the

decision to make improvements is endogenous. This could simply reflect the fact that

wealthier households reside within these neighbourhoods and are more likely to make

upgrades in the first place (correlated effects, a la Manski, 1993). To separate the two

explanations, I employ an instrumental variable approach that exploits spatial variation

in the location of efficient property clusters to explain household improvement decisions.

Results from Section 3.4 illustrate that efficient clusters are exogenous and are not subject

to manipulation. I use these to create an Instrumental Variable that measures the number

of years a property is exposed to an observed cluster. A mathematical representation of

this can be seen in Eq.(14)

expos =

t<τ2∑
t>τ1

Tit ∀t ∈ [τ1, τ2] (14)

To estimate the 2SLS regression I exploit the same panel of properties used in the bor-

der discontinuity design in Section 3.4. Here I collapse the panel to a first differenced

dataset, given that exposure to efficient property clusters cannot be measured before the

first observed sale. Exposure captures the number of years each property i is exposed to

a newly observed cluster (defined in each period t) between its first τ1 and second sale

τ2. This approach takes the extensive margin and develops it to measure an intensive

margin (years of exposure) of treatment. In other words, the IV captures the number of

years a household is exposed to selecting households with preferences for energy efficiency.
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Exposure to selecting households overtime should impact households only through their

likelihood of making improvements, not through prices directly. I use this to instrument

for the endogenous decision of the household to undertake improvements, proxied for

by the presence of an EPC (ÊPCi). Proxying for improvement decisions rests on the

assumption that rational occupiers request a new certificate after improving their prop-

erty’s energy efficiency. New certificates are more likely to be requested at time of sale,

but this does not affect the estimation, given that properties are only observed at time of

sale. If incumbents are conducting upgrades, then prices ought reflect this capitalisation.

I set out the IV specification in Eq (15).

log(∆Pi) = β0 + β1ÊPCi + β2.1Tiτ2 + β3δi +X ′
iβ + Z ′

iβ + ϕi + ϵi (15)

The variable EPC is binary and takes the value 1 if household i request a new EPC

between sales. This is regressed on the exposure instrument in the first stage such that

ÊPCi isolates only the exogenous components that drive improvements. This essentially

returns the likelihood a property makes an energy efficiency improvement given its level of

exposure to an efficient property cluster. The IV specification means that the coefficient

β1 captures the change in prices between sales for those making improvements over-and-

above those that do not. Estimates are conditional on other variables, such as whether

or not the household sells within an active cluster Tiτ2 . The treatment in this case is the

same as in the RD framework. I further control for the same property-level characteristics

Xi as in the RD: current energy efficiency and total floor space at the time of first sales,

as well as the change in each between the two sales. A control for the distance from

the efficient cluster border is also included to ensure that buyer perceptions about the

location/size does not influence the estimated coefficient. I finally include controls for the

year of sale ϕi and location Zi to remove any trends in local property markets. Location

is captured in the same way as in the fixed effects model at the MSOA level.

Given that efficient clusters are defined by property listings, the exposure measure by

design captures property churn within the locality. Based on the previously presented

empirical strategies, I show that buyers pay more to reside within these neighbourhoods
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based on energy-efficiency reporting – suggesting that churn is driven by buyers with

preferences for energy efficiency.33 In measuring exposure, I therefore capture the exoge-

nous changes in the composition of one’s peer group and the exposure to households with

greater preferences for energy efficiency. Following the social norms argument around

peer effects, or simply that households seek to imitate their peers, I would expect the

instrument to be relevant in explaining investment decisions. I exploit the same borders

produced using the approach in Eq (11) with the same exogenous characteristics. Creation

of the clusters exploits random variation in the distribution of listings across space, as

well as with regard to the quantity of local listings and their quality (with respect to their

energy efficiency). Incumbent households should therefore be unable to influence their

inclusion within an efficient property cluster or the characteristics of those purchasing

within – meaning that changes in peer composition are as good as random.34 I highlight

the instrument’s relevance by swapping the dependent variable in the border discontinu-

ity in Eq (12) with 1.EPCi – which captures whether a household requests a new EPC

between sales – and re-estimating to produce estimates for the probability of upgrading

at the border. Figure 3.7 presents the results.

Figure 3.7: Probability of Upgrading at the Border By Household Type

NOTES: This figure illustrates the probability of upgrading at the border of the efficient neighbourhood.

The x-axis captures distance to the efficient cluster border measured in metres, with observations to the

left of the border representing the control group. Property controls include the current efficiency score

and the property’s total floor area. Non-selection captures properties sold in a cluster in years outside of

the treatment window. Selection should not take place given the absence of the information channel.

I estimate two versions of the RDD are estimated: the first includes all properties within

the baseline sample (the left-hand figure), and the second includes households residing

33This assumes that buyers without such preferences would not pay more for properties in such neigh-
bourhoods and would instead locate on the periphery.

34Incumbent households are defined as those that do not sell in a given year
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within, but not choosing to purchase within, an efficient property cluster at time of treat-

ment (the right-hand figure). In other words, the sample used to estimate the right-hand

figure captures households who choose an efficient property cluster after it has already

been signalled as such. This captures households that do not select into it based on its

energy efficiency. The difference between the two samples is that the left-hand figure in-

cludes those households selecting into efficient property clusters in the first sale. We can

use the two figures to examine whether these individuals are more likely to then request

a new EPC. The border to the efficient cluster is represented by 0 on the x-axis, with

households to the right forming the treatment group. Selecting households have a higher

likelihood of requesting a new EPC, with the probability jumping discontinuously at the

border and increasing further. On the contrary, households who did not actively select

into an efficient cluster exhibit no discontinuous effects at the border – instead, households

display a lower likelihood of upgrading. This suggests that households with preferences

for energy efficiency are selecting into efficient clusters and should exert some degree of

influence over incumbent households in the improvements they make.

Regarding the exogeneity of the instrument, it is also unlikely to believe that years of ex-

posure to an efficient property clusters should influence any property-level characteristics

other than the decision to make energy-efficiency investments. This should be true given

the selection of households with energy efficiency preferences. To guard against the indi-

rect influence that energy efficiency investments have on energy efficiency scores, I control

for current energy efficiency. Further to this, I show earlier in the event study analysis

that the premium for residing in a cluster occurs contemporaneously with the reporting

in listings. Effects in the preceding and succeeding periods are close to zero. This would

suggest two things: i) that the premium accrues only to those selling within an observed

cluster, and ii) that there are no long-lasting price effects, meaning that exposure does

not affect prices for incumbent households indirectly. Because there are no indirect price

effects spilling over from the treated to the non-treated sellers, the instrument should not

violate the exclusion restriction that exposure is correlated with prices.
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To ensure the results are robust, I re-estimate the 2SLS model inclusive of properties for

whom I am sure have conducted improvements. A new EPC can affect prices through

i) changes in energy efficiency scores, or ii) through the undertaking of home improve-

ments. Changes in the former are not necessarily a product of the latter as scores may

change as a result of changes in the energy assessment criteria or through unobservable

factors affecting the engineering estimates (i.e. different engineers working under different

assumptions). To isolate the properties with observable improvements, I extract the set

of improvements recommended by the engineer at time of inspection and compare them

between certificates. Improvements that appear in the first but not in the second EPC

are assumed to have been implemented, allowing me to identify those properties that have

made improvements. I include a dummy variable that takes the value 1 if properties have

made visible improvements and 0 otherwise. Controlling for these factors ought to return

a more robust estimate for the price effects of undertaking improvements.

3.5.4 Returns to Improvements Estimates

I now present the results from the 2SLS to ascertain whether buyers value the efficient

property clusters themselves or the improvements undertaken within them. Estimates

from the previous section showed that buyers select into these locations based on access

to the efficient cluster – but is this driven by the improvements undertaken by previous

owners? Table 3.5 present the results from the IV specification. Columns 1-2 present the

results for the whole sample. The decision to invest in energy efficiency improvements is

proxied by the request of a new EPC (1.EPC) and is instrumented for using the number

of years exposed to an active cluster. The first stage returns the expected sign and

suggests that every extra year of exposure to an efficient cluster increases the likelihood

of requesting a new EPC by 5%. This matches the a-priori expectation that exposure to

households in efficient clusters over time leads to a higher probability of making home

improvements. The instrument is highly relevant with an F-statistic around 120 in both

specifications. The instrument captures exposure to newly observed clusters (i.e. those

identifiable through property listing adverts) – suggesting that it is the churn of households

into the area that creates this effect. Estimates here are taken from the whole sample
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of properties in the original panel, however, and includes those that do and do not move

into an efficient cluster at time of treatment.

Table 3.5: 2SLS Estimates of Exposure to Clusters on Property Prices

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

Full Sample EPCs with Upgrades

First Stage

Years in cluster 0.052*** 0.050*** 0.060*** 0.060***

(0.005) (0.005) (0.006) (0.006)

1.Cluster -0.002 -0.001 -0.011 -0.011

(0.006) (0.006) (0.007) (0.007)

Second Stage

1.EPC 2.334*** 0.764*** 2.027*** 0.745***

(0.226) (0.146) (0.222) (0.139)

1.Cluster -0.094*** -0.006 -0.077** 0.004

(0.027) (0.023) (0.028) (0.024)

Current -0.009*** -0.001** -0.009*** -0.001**

(0.000) (0.000) (0.000) (0.000)

∆ Current 0.016*** 0.010*** 0.015*** 0.010***

(0.001) (0.001) (0.001) (0.001)

Unrealised -0.023*** 0.005*** -0.025*** 0.005***

(0.001) (0.001) (0.001) (0.001)

∆ Unrealised 0.009*** -0.004*** 0.011*** -0.003***

(0.001) (0.000) (0.000) (0.000)

Location Controls ✓ ✓ ✓ ✓
Year Controls ✓ ✓ ✓ ✓
Time Between Sales Control ✓ ✓
F Stat 120.7 115.6 100.4 99.7

Observations 49,234 49,234 48,731 48,731

NOTES: Standard errors clustered at the LSOA level in parentheses. Years in cluster

represents the instrumental variable, while the endogenous variable is binary and takes the

value 1 if the property requests a new EPC and 0 otherwise. Second stage dependent variable

is the change in log prices. Controls include distance from the treatment border, as well

as the total floor area of the property measured in m2. Columns 3-4 remove properties

that have requested new EPCs but that have undertaken no home improvements, so as to

improve the accuracy of measured improvements. * p < 0.05, ** p < 0.01, *** p < 0.001

Estimates of the probability of making improvements therefore includes the endogenous

effect (the effect of one’s peers) as well as the correlated effect (the effect of being more

likely to make improvements regardless), in the terminology of Manski, (1993). Though

this chapter is concerned with neighbourhood effects and not peer effects, the premise
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still holds. I eliminate the source of the neighbourhood effect (selecting households)

and just observe the effect on the recipients (incumbent households). The purpose of

the exercise at hand is not yet to estimate the neighbourhood effect, but to use this

framework to disentangle the price impacts arising from neighbourhood effects with those

from making energy efficiency improvements. In Columns 3-4, I restrict the sample by

removing properties that have made no visible home improvement but who have requested

an EPC. The probability of requesting a new EPC rises slightly to 6%, illustrating that

those making improvements are influenced more by exposure to observed efficient clusters.

In Columns 2 and 4 I control for the time (in days) between the two sales – but as

expected, this has little to no effect on the probability of making upgrades. Both columns

are taken as the preferred specifications. Estimates from the second stage do not differ

greatly between samples. The dependent variable is the log of the price change between

the two sales. The returns to requesting a new EPC after making improvements are

incredibly large in Column 3 – around 900% larger for those requesting a new EPC. Upon

controlling for the time between sales in Column 4, this falls to around 100%, meaning

that price changes between sales are twice as large for households that request a new

EPC following improvements, suggesting that these are valued by buyers. However, we

now see that price returns to locating within an efficient cluster are insignificant and

close to zero upon controlling for home improvements. While I show in Table 3.2 that

buyers are able to identify the location of efficient property clusters and pay a premium for

residence within them, I show here that this reflects the gains in energy efficiency delivered

in these areas. This is confirmed by the positive coefficient on the change in current

energy efficiency scores between sales. Buyers still value the investment potential of these

neighbourhoods. Increases in the starting unrealised efficiency lead to higher prices as

buyers chase investment returns from improvements. Estimates from the 2SLS model show

that value accrues from the home improvements undertaken and the potential to undertake

one’s own. The first stage confirms that buyers selecting into the neighbourhoods – who

have preferences for energy efficiency – create spillovers onto incumbent households, as

evidenced in the previous section. I now turn my attention to isolating the endogenous

effects to estimate the degree to which neighbourhood effects occur in propagating home
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improvements.

3.5.5 Identifying neighbourhood Effects

The first stage of the above 2SLS regressions estimates the probability of making improve-

ments for each extra year of exposure to an efficient property cluster. This gets us part

way to thinking about neighbourhood effects, though using the whole repeat-sale sample

in estimation raises issues regarding the reflection problem coined in Manski, (1993). The

sample includes selecting households – those actively choosing residence within efficient

clusters – who I have shown to be more likely to upgrade, regardless of neighbourhood

effects. This makes any estimates prone to such correlated effects. To overcome this,

I re-estimate Eq (15) separately for a sample of households that move into the same

highly-efficient cluster, but outside of a treatment year. Households in this sample should

be unable to observe the neighbourhood’s efficiency prior to relocating and should not

possess any notable preferences for energy efficiency. The right-hand panel of Figure 3.7

proves that these households should not exhibit ex-ante preferences for energy efficiency

and should be less likely to make improvements. Removing the correlated effect helps

provide a more accurate estimate of the neighbourhood effect resulting from exposure to

new peers within efficient clusters. I take the same approach to estimating the regression

– calculating the years of exposure to efficient property clusters between sales for incum-

bent households. One would expect that living nearby households with preferences for

energy efficiency would induce higher levels of energy-efficiency investment locally. I now

turn to presenting the results of the different specifications

3.5.6 Neighbourhood Effects Estimates

I adopt the preferred 2SLS specification presented in Column 4 of Table 3.5 to estimate

the neighbourhood effects associated with proximity to upgrading neighbours. This limits

the sample of new EPCs to those that have implemented home improvements. Estimates

are presented in Table 3.6 and are analogous to the first stage estimates presented in the

previous 2SLS models.
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Table 3.6: First Stage IV Estimates of Neighbourhood Effects in Improve-
ments

(1) (2) (3)

Neighbourhood Effect Estimates Baseline Estimates

Years in cluster 0.011*** 0.060***

(0.003) (0.006)

1.Cluster 0.005 0.001 -0.0070

(0.010) (0.010) (0.0091)

Current 0.007*** 0.007*** 0.001***

(0.001) (0.001) (0.000)

Unrealised -0.008*** -0.008*** -0.000

(0.002) (0.002) (0.000)

Location Controls ✓ ✓ ✓
Year Controls ✓ ✓ ✓
R2 0.430 0.431 0.505

Observations 7,206 7,206 48,731

NOTES: Standard errors clustered at the LSOA level in parentheses. The dependent

variable is binary denoted by 1 if the property requests a new EPC and 0 otherwise. The

empirical strategy mimics that of Table 3.5; please refer to its notes. * p < 0.05, **

p < 0.01, *** p < 0.001

Column 3 presents the previous estimates of the probability of making investments using

the sample of selecting households, taken from the first stage in Table 3.5. These figures

are used as a baseline upon which to compare with the neighbourhood effect estimates.

Column 1 presents baseline characteristics and their impacts on requesting a new EPC

following improvements. Estimates show that presence within an efficient cluster alone

has no bearing on this decision (though the estimates are noisy) – same as in the previous

estimates. Crucially for the estimate of neighbourhood effects, this makes me confident

that this sample does not capture correlated effects. Regardless of their precession, the

point estimate is close to zero. The likelihood of requesting a new EPC also increases when

a property is more energy efficient, reflected in a positive coefficient on current efficiency

and a negative coefficient on unrealised efficiency. The sample considers properties making

improvements, meaning those undertaking home improvements are doing so on properties

that are already more energy efficient. This is interesting and suggests that improvements

are concentrated within efficient clusters. Including the measure of exposure to clusters,

we see that the coefficient on location within an efficient cluster effectively becomes zero.

This is the same as the previous set of estimates, suggesting again that it is exposure to
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the preferences of selecting households that drives the higher incidence of improvements

among incumbents. Every extra year of exposure to an efficient cluster increases the

probability of making improvements by 1.1%. This is statistically significant at all levels.

Compared to the baseline estimates from the whole sample, neighbourhood effects account

for roughly one-fifth of the effect of exposure. Correlated effects drive a lot of improvement

behaviour accounted for based upon selection of individuals into efficient clusters, but

neighbourhood effects still make up a non-negligible share of the overall effect. Coefficients

on the control variables also do not change upon controlling for exposure, highlighting

that they are not correlated. One can see that exposure is a exogenous to the model,

making it a strong predictor of neighbourhood effects. The churn of properties nearby

therefore induces changes in local preferences and encourages incumbents to make home

improvements. The presence of neighbourhood effects is important in this context, given

that earlier findings suggest investments to be a leading cause of the price premium. This

requires further study to understand the implications this has on sorting behaviour and

any subsequent impacts on individuals being priced out of markets.

3.6 Conclusion

The energy efficiency of one’s peers and the subsequent impacts on sorting, and therefore

prices, is an under-researched field. This paper fills this gap by exploring how reporting

of energy efficiency scores causes buyers to differentiate between different neighbourhoods

based on their distribution of energy efficient properties. By exploiting random variation

in property listings, I find that buyers are able to identify energy-efficient clusters through

their attentiveness to efficiency scores and respond to this reporting by bidding higher for

properties in efficient clusters. Buyers pay a 1.6% premium to reside within such clus-

ters, translating to roughly £6,100. While small, this premium is directly attributable

to energy efficiency reporting and represents a significant premium for properties whose

structural characteristics differ very minimally from the control group on the periphery

of clusters. Premiums do not exist in years when the efficient clusters are not observed,

nor do they exist when one defines efficient clusters using properties not-yet-listed on the
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market.35 Prices are shown to vary across neighbourhoods depending on the character-

istics of properties listed on the market. A series of robustness checks show that prices

respond to information shock that make efficient clusters relatively more attractive for

investment. This is reflected in buyer’s expectations of higher returns to investments

in energy efficiency. A premium in this case reflects a selection of individuals into effi-

cient property clusters and creates an exogenous change to the peer group composition

of incumbent households. Selecting households display a higher probability of making

investments over-and-above that of contiguous neighbourhoods, and along with it, intro-

duce interactions within the neighbourhoods that influence others to follow suit. Part of

this can be attributed to a neighbourhood effect whereby households who do not purchase

in an efficient cluster, but are exposed to households that do, observe a 1.1% higher prob-

ability of making upgrades. Conditional on such upgrades, there is no significant impact

of residence within these neighbourhood themselves, meaning that increased uptake of

improvements are driven by the exposure to selecting households. This invariably creates

more efficient households and more efficient neighbourhoods. Prices are shown to respond

to the increased uptake of improvements – induced by the actions of one’s peers – as buy-

ers seek out more energy efficient homes. But like with upgrades, prices are not influenced

by residence within an efficient cluster. Though in the presence of random variation in

listings and sorting based on such listings, the path of development in energy efficiency

remains unknown and unpredictable.

This paper’s findings raise some interesting questions related to the policy debate and

areas for further research. Firstly, around Net Zero. The push to de-carbonise housing

via retrofitting continues to plod on. Selection is found to play a big role in uptake

based on households with preferences for energy efficiency and the spillover to nearby

properties. This presents an area from which we can explore more given the UK’s wealth

of granular housing data and previous green initiatives, such as the Green Deal, the

Green Homes Grant, and subsidies surrounding solar panel installation. Furthermore, the

impact of improving uptake has consequences for local renters. This study focuses mainly

35i.e. properties that have new Energy Performance Certificates (EPCs) but that do not provide
information spillovers through listing.
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on owner-occupied housing or rentals that have converted to owner-occupied housing.

Persistent price premiums within efficient neighbourhoods threaten to price renters out of

the market. While premiums remain modest in magnitude, this presents a real risk given

issues of affordability in big cities. Further risks exists from potential general equilibrium

effects arising from gentrification and the access to amenities. Though beyond the scope

of this paper, one could envisage a shock to the spatial equilibrium of local economies

with wider potential knock-on effects. As the need for new technologies expands – such

as air-conditioning and heat pumps – so too will the demand for homes that can support

such features. This paper therefore provides early evidence as to the demand implications

that threaten to become greater in the face of an ever-changing climate.
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B Appendix

B Further Technical Information

B.1 Merging Energy Efficiency and Property Price Data

This chapter merges property-level data on energy-efficiency characteristics with tempo-

ral data on transaction prices (outlined in Section 3.3). The lack of a common unique

property identifier makes merging the data difficult. Without this unique property ref-

erence number (UPRN) common in most geospatial data in the UK, I instead develop a

multi-rule matching process similar to that of Chi et al., (2021) which merges data based

on address characteristics. These address fields are first cleaned of punctuation or errand

characters to eliminate discrepancies between the two datasets. They are then split into

separate fields based on their unique components – such as property name/number, street

name and postcode. Properties were first matched on their postcodes to ascertain the

right locality. Under this approach, I avoid matching properties with others that just so

happen to have the same street name. From these matches, records were then matched

based on their street name, and then finally, on their property number to remove the

risk of duplicated (or even misspelled) street names or property numbers. This procedure

returned a match-rate of over 83% on properties within the London Travel to Work Area

(TTWA). Remaining properties are likely those whose information contains spelling errors

in either the address or house name fields, resulting in failure to match. Given the high

match rate, the decision was taken not to further complicate the algorithm and collect

missing properties.

B.2 Redefining Clusters Within Borough

In Section 3.3.3 I set out the approach to defining efficient clusters and the outputs of the

method. Figure B.2 shows the resulting efficient clusters overlapped with borough bound-

aries across the London TTWA. While borders of these clusters do not overlap with the

borough boundaries in most instances, there are the odd exceptions. I make the case that

location fixed effects applied in Section 3.4 should deal with such instances by controlling

for the impact of borough-specific characteristics on prices. To provide further robust-
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ness to the estimates produced in this chapter, I outline here an alternative approach to

defining clusters that deals with this feature, alongside the RD accompanying results.

I undertake the same approach outlined in the chapter. The only difference is the sample

upon which the algorithm in Eq.(11) is re-estimated. To avoid any possibility that cluster

borders overlap with administrative boundaries, I run the algorithm separately for prop-

erties i within each borough b for each year t using properties that list in the given year.

Mathematically, one can rewrite the algorithm as

G∗
ibt =

∑nt

j=1wib,jbxibt − X̄
∑nt

j=1wib,jb

S

√
nt
∑nt

j=1w
2
ib,jb

− (
∑nt

j=1wib,jb)
2

nt − 1

(16)

where the weights are now calculated with respect to neighbours exclusively residing

in the same neighbourhood. Households make location decisions based on a number of

factors: by income Couture et al., (2023); amenities (Koster et al., (2014)); van Duijn and

Rouwendal, (2021)); and by school quality Bayer et al., (2007). Households choose their

location based on these factors and prioritise certain locations as a result. Property prices

surge in areas with good schools, high income households, and areas with high amenities.

This further re-enforces spatial sorting as each household – constrained by their budget

– has a given number of viable locations for which they can purchase. Therefore clusters

located in one borough, with proximate neighbours in the borough next door, may not

actually reflect the true market search procedure for many households. The alternate

approach undertaken here seeks to capture this by clustering within-borough in order to

capture household preferences for certain boroughs. Following the same method applied

earlier, I then group properties based on their similarity with respect to energy efficiency

and their proximity into efficient cluster. Using a snapshot from one borough, Islington,

Figure B.1 maps the resulting output.
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Figure B.1: Efficient Clusters in Islington, London: All Years

NOTES: The figure illustrates the local authority district (borough) of Islington overlapped with efficient

clusters as defined over the whole sample period 2009-2019. The figure replicates that of Figure 3.1, but

restricts the computation of the Getis-Ord equation in Eq.(11) to operate within the borough – thereby

not seeking spatial relationships with properties in the next borough.

Borders from the clusters now no longer overlap borough boundaries and instead end at

this point. To ensure that boundary does not interfere with the estimation, distance from

the cluster border is calculated for each property within the borough. For example, clus-

ters whose western border intersects the borough boundary will be assigned properties

residing to the north, east and south, for which distance to the border will be calculated.

Borders now no longer overlap administrative boundaries. Results presented below show

that conclusions regarding the price premium for these clusters remain unchanged.

Extensive margin estimates: I now present the results from the RD using the new

cluster definitions in Table B.1. Estimates show that price premiums remain and remain

significant upon redefining the clusters.
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Table B.1: Estimates of the Price Premium for the Redefined Effi-
cient Clusters

(1) (2) (3)

At Border Border Swell Border Shrink

Panel A: Baseline RDD

1.Cluster 0.013* 0.000 -0.004

(0.006) (0.021) (0.007)

Unrealised efficiency 0.005** 0.004** 0.004**

(0.002) (0.001) (0.002)

Current efficiency 0.008*** 0.008*** 0.007***

(0.001) (0.001) (0.001)

Property/Year FE ✓ ✓ ✓
Bandwidth 165 165 165

Adj. R2 0.828 0.815 0.850

Observations 7,117 8,316 6,025

Panel B: RDD w/ Amenities

1.Cluster 0.018** -0.012 0.004

(0.006) (0.020) (0.006)

Unrealised efficiency 0.004** 0.004** 0.003

(0.001) (0.001) (0.001)

Current efficiency 0.008*** 0.008*** 0.006***

(0.001) (0.001) (0.001)

Property/Year FE ✓ ✓ ✓
Bandwidth 165 165 165

Adj. R2 0.103 0.104 0.029

Observations 3,256 3,418 3,007

NOTES: Standard errors clustered at the LSOA level in parentheses. Treated

clusters are those defined as energy-efficient under the Getis-Ord calculation.

The regression includes controls for the year of sale and follows a second-order

polynomial. Flat’s are excluded from the analysis. I swell and shrink the bor-

ders by 50m and re-estimate as a robustness checks in columns 2-3. Bandwidth

measured in metres from the border of the treated clusters. * p < 0.05, **

p < 0.01, *** p < 0.001

Buyers pay a premium of roughly 1.3% to reside within energy efficient clusters over and

above those on the periphery. This estimate is robust to the inclusion of LocationxYear

fixed effects in Panel B to control for changes in amenities over time in nearby locations.

Panel B Column 1 forms the main specification; the estimate of the premium of 1.8% is

very similar to that of the main result (1.6%) and highlights that the empirical strategy is

robust to different methods of defining clusters. Robustness checks in columns 2-3 of both
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panels show that the premium tends to zero or even becomes negative and insignificant

when we alter the size of the clusters and hence the locations of the borders. The clusters

estimated then are an accurate reflection of energy-efficient clusters and buyers are able

to identify the size and location of them from property listings. Consistent with the main

results in the chapter, we also observe in nearly all specifications the positive returns to

energy efficiency improvements, as well as to unrealised efficiency. Highlighted in these

results is that the main driving mechanism behind the premiums – the higher expected

returns to investments in these neighbourhoods – remains regardless of the approach

applied to defining clusters.

B.3 Intensive Margin Estimates

Intensive margin approach: Results in Section 3.4 highlight the premium residents pay

to reside within efficient clusters – under the extensive margin. This approach represents

a discrete choice of residing in either a efficient or non-efficient neighbourhood. This

choice is motivated by the strength of spatial relationships locally with respect to energy

efficiency scores, a proxy for peer effects. Strength in this case can be measured on a

continuous scale. I use this proxy to estimate the intensive margin in order to motivate

the discontinuity found in earlier estimates; specifically, how buyers price peer effects into

their property bids. Estimates from the intensive bear light on the mechanism behind the

price premiums observed in that it aims to prove that buyers draw inferences from property

listings. It therefore serves as a way to elicit buyer’s perceptions of an area. The strength

peer effects can be quantified using z-scores reported in the clustering algorithm that

denote the strength of spatial correlation in energy efficiency scores. Higher correlation

suggests similarity between scores, achieved only when households conduct similar home

improvements. A continuous measure, these scores are applied in the creation of clusters

through their statistical significance. Only significant scores were used to form clusters,

thereby omitting a good deal of variation. I exploit this variation to tease out whether

buyer’s choice of neighbourhood – and expected returns to investment – depends on the

strength of these spatial relationships. I do this by estimating the spatial RD model

separately for both the treated and control group at the border. The model differs only
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in that I replace the treatment indicator with the z-score. Buyers posses the ability to

identify clusters, thereby allowing me to adopt the approach of estimating separately for

both groups. The spatial RD approach is formalised in Eq.(17).

log(Pit) = β0 + β1Zscoreit + β2δit + β3Xit + ψi + ϕt + ϵit ∀Tit ∈ {T,C} (17)

The algorithm calculates a property’s locally weighted energy efficiency score against the

expected score and takes the difference. One would interpret the z-scores as the number

of standard deviations this difference lies away from the mean. The coefficient β1 there-

fore represents the change in price following a 1 s.d increase in the z-score – or as the

energy efficiency of one’s neighbours increases relative to that that is expected. The RD

regression includes the same controls X as those in Eq.(12), only I now exclude current

energy efficiency scores given their potential collinearity with the z-scores. Property fixed

effects ψ are included as a granular location control to observe changes in valuation of lo-

cal energy efficiency scores within property. Year of sale dummies are included to capture

any variation in property markets between years.

Intensive margin estimates: Table B.2 presents the estimates of the spatial RD sep-

arately for properties in efficient (treatment) and inefficient (controls) clusters. Columns

1 and 4 start with naive specifications to identify the correlation between z-scores and

property prices. Both estimates are negative and significant, suggesting that buyers bid

lower for properties with higher energy efficiency scores locally. This is counter-intuitive

as one would expect higher returns properties in areas similarly efficient properties. A low

R2 of 0.07 suggests that the Z-score alone provides weak explanatory power for prices and

may instead be affected by other factors. Including property fixed effects in Columns 2

and 5 show this to be the case as the coefficients become positive and significant, meaning

better match in areas with higher energy efficiency translates into higher prices in both

specifications. Prices respond at a lower rate in the treated clusters, suggesting a lower

price response to increased efficiency. Controlling for property-level characteristics has

opposing effects on the magnitude of the z-score coefficients between neighbourhoods.

Estimates in Column 2 were negatively bias while estimates in Column 4 were positively
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bias. Much of the bias in the control group is explained by floor space, not the functional

form. Functional form does explain a lot of the bias in the case of treatment clusters,

however. The relationship appears to be heavily non-linear, with the coefficient increasing

by around 0.04 s.d and with 0.037 of that explained by the squared z-score. A negative

and significant coefficient on the squared z-score points to an effect of local efficiency

scores on prices that increases at a decreasing rate. Buyers are willing to increase their

bids for strong spatial relationships but only up to a certain point. The extensive margin

shows that buyers identify a group of peers and pay premiums to locate alongside them.

These neighbourhoods contain a non-negligible number of peers, while the z-score in com-

parison is confined to estimation based on a small number of neighbours. So while one’s

immediate peers are important, the wider neighbourhood is also important. This likely

explains why unrealised efficiency becomes insignificant – given that buyers are unable to

identify under this approach the full extent of the efficient cluster. The coefficient on the

z-scores are relatively similar between groups owing to the fact that buyers respond to

changes in the local efficiency scores. For treated clusters, a 1 s.d increase lead to a 5.4%

increase in prices.
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Table B.2: Estimates of the Strength of Spatial Relationships on Prices

(1) (2) (3) (4) (5) (6)

Treatment Control

Z-score -0.032*** 0.013** 0.053*** -0.024*** 0.073*** 0.051***

(0.004) (0.004) (0.011) (0.006) (0.015) (0.014)

Z-score2 -0.006*** -0.006

(0.002) (0.007)

Unrealised 0.001 -0.000

(0.001) (0.001)

Floor Area 0.000 0.003**

(0.000) (0.001)

Controls ✓ ✓
Property FE ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓ ✓ ✓
Bandwidth 170 170 170 170

Adjusted R2 0.077 0.817 0.819 0.057 0.728 0.736

Observations 6,298 6,298 6,298 7,027 7,027 7,027

NOTES: Standard errors clustered at the LSOA level in parentheses. Treated neighbourhoods

are those defined as energy-efficient under the Getis-Ord calculation. Sale clusters are those

defined using sellers in each year. No sale clusters use those properties that do not sell within a

year of a new EPC in each inspection year. The regression includes property fixed effects alongside

a series of dummy’s controlling for year of sale. Though not reported here, the regression follows

a second-order polynomial. Flat’s are excluded from the analysis. * p < 0.05, ** p < 0.01, ***

p < 0.001

I show then that buyers do responding with positive bids for properties are surrounded

by more energy-efficient peers and that this an important determinant of prices. Findings

suggest that this is only important up to a point, and that other factors may well be

explaining the premiums observed in estimates of the extensive margin – such as the

return to investment. In what follows, I present results that speak to the impact of buyers

selecting into these clusters to chase higher returns. Namely, the impact on incumbent

households and their willingness to also make improvements.
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Figure B.2: Efficient Clusters and Administrative Boundaries

NOTES The figure illustrates the extent to which local authority districts overlap with efficient clusters

defined in Figure 3.1. The figure includes all efficient clusters defined over the sample period 2009-2019.

We observe some overlaps at the border, where properties attached to the same cluster belong to different

boroughs.

Figure B.3: The Distribution of Energy Ratings at the Border: No Sale Clusters

NOTES: This figure illustrates the proportion of properties in the sample that occupy each combination

of current-potential energy rating, using properties that are not-yet listed on the market. The total in

the right-hand column represents the proportion of properties falling in each current energy rating band.

143



Figure B.4: Rightmove Neighbourhood Definition

NOTES: This figure provides an illustration of a property search using the Rightmove portal and the

associated radii with which buyers can use to search nearby properties.
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Figure B.5: Example Energy Performance Certificate

NOTES: The figure presents an example of an EPC passed over to the buyer at the time of the property

transaction.
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Figure B.6: Typical Energy Efficiency Rating Distribution

NOTES: The figure presents an example of an EPC rating distribution passed over to the buyer at the

time of the property transaction.
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Figure B.7: Example Property Listing Advert from Rightmove

NOTES: This figure provides an illustration of a property listing presented on the Rightmove portal

and the associated information contained within – namely, the property’s EPC certificate.
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Figure B.8: Average Property Prices: London vs UK

NOTES: This figure illustrates the ratio of London-to-UK house prices. Data are sourced from HM Land

Registry House Price Index and are generated from a hedonic price model accounting for differences in

characteristics. The figure presents the order by which prices in London exceed the UK average.
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Figure B.9: Defining The Spatial Extent of Efficient Clusters

NOTES: This figure illustrates the extent of the neighbourhoods defined as energy efficient. This map

is the precursor to Figure 3.1, which uses the extents defined here to bound the efficient clusters. Here,

properties are aggregated in each sale year based on their treatment status (whether they are hostpot

or coldspot) which comes directly from the z-scores obtained from the G∗
i algorithm. The output here

represents these points connected in a dot-to-dot fashion.
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Figure B.10: Time Periods Defined in the Event Study

NOTES: This figure illustrates how the treatment is defined within the event study. Treatment properties

are those that sell wthin a cluster at the time it is defined as being efficient by the market (at time τ = 0).
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Figure B.11: Construction of the Event Study Control Group

NOTES: This figure illustrates how the control group is formed in the event study. The control group

comprises properties on the periphery (yellow) of the treatment groups (orange). These properties do not

receive the treatment, and therefore should not experience premiums, as they are outside of the efficient

cluster.
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Figure B.12: Property Prices in Efficient Clusters Relative to the Treatment Period

NOTES: This figure illustrates how property prices for treated properties change over time relative to

the baseline year τ = 0 (when properties sell within an active efficient cluster). Controls include the

property’s current efficiency score and total floor area, as well as controls for property age, type, and

build. Location controls are also included for the MSOA in which the property sits.

Figure B.13: Event Study Robustness Checks

(a) Full Sample (All Clusters) (b) No Clusters Before 2011

NOTES: This figure presents the results from the event study for all years in the sample (left), as

well as after removing properties selling prior to 2012. Property portals began formally including EPCs

within property listings in 2012, prior to this, it was a choice. Evidence shows that they began being

listed as a choice in 2010, hence these figures provide a robustness check of the main result in the paper.

Properties selling within an efficient cluster at any time represent the treated group, while the control

group consists properties selling on the edge of these clusters. A bandwidth of 50m has been chosen,

capturing properties either side of the efficient cluster (treatment) border. Property controls include the

current efficiency score, total floor area, property age, property type, and build type.
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Figure B.14: Properties by Built-Form by Treatment Status

NOTES: This figure illustrates the distribution of properties by built form within both the treatment

and control group. The bars represent the proportion of the sample corresponding to each property type.

Figure B.15: Properties by Built-Form by Treatment Status – No Sale

NOTES: This figure illustrates the distribution of properties by built form within both the treatment

and control group for properties that have not-yet listed. The bars represent the proportion of the sample

corresponding to each property type.
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Figure B.16: Properties by Age of Construction by Treatment Status

NOTES: This figure illustrates the distribution of properties by year of construction within both the

treatment and control group. The bars represent the proportion of the sample corresponding to each

year of construction.

Figure B.17: Properties by Age of Construction by Treatment Status – No Sale

NOTES: This figure illustrates the distribution of properties by year of construction within both the

treatment and control group for properties that have not-yet listed. The bars represent the proportion

of the sample corresponding to each year of construction.
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Figure B.18: Balancing of Neighbourhood Covariates at Cluster Border

NOTES: This figure presents results from a series of RDDs that explore whether there exists disconti-

nuities in neighbourhood characteristics at the border of clusters. Data are collected at the output area

(OA) level, with distance from the border measured in miles. The plots are unconditional, representing

the pure correlations between the intended outcome and the efficient cluster location.
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Table B.3: Balancing Test at the Border of Efficient Clusters: No Sale

Treatment Control Balancing

Mean Sd Mean Sd t p> |t|

Price 378,853 223,300 424,393 299,327 -5.7 0.000

Adj. price 478,071 97,261 422,449 105,636 17.8 0.000

Dist. to border 41.6 30 45.4 37.3 -3.6 0.000

Current efficiency 77.4 12.8 67.2 16.3 22.6 0.000

Potential efficiency 82.4 10.9 76 14 16.8 0.000

Unrealised Efficiency 5 6.8 8.7 9.6 -14.6 0.000

Energy cost (.sqm) 6.1 3.2 8.4 4.2 -20.2 0.000

Energy consumption 142 109.3 226.1 139.3 -22 0.000

Window glazing % 81.2 34.5 80.9 33.8 0.2 0.816

Floor Area 99.8 36.1 101.2 40.5 -1.1 0.262

No. rooms 4.6 1.4 4.7 1.4 -0.7 0.498

Observations 2,211 2,013

NOTES: This table presents the unconditional means for a set of property characteristics

for properties not-yet listed. Data presented are for properties within 112m of the border,

the bandwidth selected for the baseline RD later. Treated neighbourhoods are the energy-

efficient neighbourhoods denoted by the Getis-Ord clusters. Prices here are stripped of their

time and location drivers by including property and time fixed effects. Energy cost measures

the estimated spend on utilities (heat, lighting and hot water) in GBP for a house of given

structural characteristics and size.
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Table B.4: Estimates of the Strength of Spatial
Relationships on Prices

(1) (1) (1)

Zscore -0.035*** 0.078*** -0.002

(0.001) (0.001) (0.003)

Zscore2 0.005***

(0.001)

Current 0.007***

(0.000)

Floor Area 0.001**

(0.000)

Controls ✓
Property FE ✓ ✓
Year FE ✓ ✓ ✓
Adjusted R2 0.122 0.813 0.821

Observations 141,583 141,583 141,583

NOTES: Standard errors clustered at the LSOA level in

parentheses. The regression explores the intensive mar-

gin of efficient clusters to estimate whether the strength

of spatial relationships matter. The regression includes

property and year of sale fixed effects alongside a series of

dummy’s controlling for year of sale. I further control for

the property’s total floor area. Flat’s are excluded from

the analysis, like in all other estimates. * p < 0.05, **

p < 0.01, *** p < 0.001
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Table B.5: Estimates of the Price Premium for Efficient Clusters with Unrealised Efficiency

(2) (2) (3) (4) (5) (6)
Baseline RDD No Sale Clusters Sales Not in Clusters

1.Cluster 0.0160* 0.0157 0.000320 0.00504 0.0106 0.0126
(0.00760) (0.0101) (0.0189) (0.0196) (0.0195) (0.0195)

1.ClusterxUnrealised -0.000191 -0.00130 -0.000240
(0.00124) (0.00226) (0.000449)

Unrealised 0.00239** 0.0000829 0.000810*
(0.000866) (0.00244) (0.000373)

Distance -0.000114 -0.000108 -0.0000460 -0.0000417 0.000235 0.000223
(0.00006) (0.00006) (0.00014) (0.00014) (0.00016) (0.00016)

Current 0.00668*** 0.00735*** 0.00797*** 0.00791*** 0.00683*** 0.00712***
(0.0008) (0.0009) (0.0012) (0.0013) (0.0002) (0.0003)

Floor Area 0.000877 0.000888 -0.000145 -0.000120 0.000283 0.000280
(0.0007) (0.0007) (0.0014) (0.0014) (0.0003) (0.0003)

Property FE ✓ ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓ ✓ ✓
Bandwidth 150 150 150 150 150 150
Adjusted R2 0.782 0.783 0.644 0.644 0.831 0.831
Observations 12,100 12,100 5,059 5,059 19,115 19,115

NOTES: Standard errors in parentheses. Unrealised efficiency is defined as the difference between a property’s current
and potential energy efficiency. Treated neighbourhoods are those defined as energy-efficient under the Getis-Ord calcu-
lation. The regression includes property fixed effects alongside a series of dummy’s controlling for year of sale. Though
not reported here, the regression follows a second-order polynomial. Flat’s are excluded from the analysis. Column 3-4
presents estimates when clusters defined using never-sellers. Column 5-6 instead uses the original clusters, but sales which
do not fall into a live cluster. * p < 0.05, ** p < 0.01, *** p < 0.001
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Table B.6: Changes in Unrealised Efficiency on Prices – Whole Sample

(1) (2) (3)

Baseline RDD No Sale Clusters Sales Not in Clusters

1.ClusterxUnrealised -0.000962* -0.00431*** -0.000734*

(0.000375) (0.000342)

Unrealised -0.000328** -0.000394*** 0.000335

(0.000113) (0.000112) (0.000329)

Property FE ✓ ✓ ✓
Year FE ✓ ✓ ✓
Bandwidth None None None

Adjusted R2 0.820 0.821 0.820

Observations 141,753 142,178 117,436

NOTES: Standard errors clustered at the LSOA level in parentheses. Treated neighbourhoods

are those defined as energy-efficient under the Getis-Ord calculation. The regression includes

property fixed effects alongside a series of dummy’s controlling for year of sale. Though not

reported here, the regression follows a second-order polynomial. Flat’s are excluded from the

analysis. Column 3-4 presents estimates when clusters defined using never-sellers. Column 5-6

instead uses the original clusters, but sales which do not fall into a live cluster.

* p < 0.05, ** p < 0.01, *** p < 0.001
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Chapter 4: Household Location and Investment De-

cisions Under Neighbourhood Effects: A Theoretical

Approach

4.1 Introduction

In chapter two I show that energy efficiency investments are capitalised into property

prices, in line with findings from recent studies (Fuerst et al., 2015; Fowlie et al., 2015;

Sejas-Portillo et al., 2020; Aydin et al., 2020). Though returns to these investments are

evidenced in the literature, their uptake remains low, pointing to a wider problem in the

incentives facing households. This represents a shortcoming of this literature that likely

finds its roots in the lack of spatial evidence on both the magnitude and drivers of such

returns. I address this shortcoming in chapter three by showing that returns vary across

space owing to neighbourhood effects that determine household location decisions and

their uptake of home investments. Buyers learn from the characteristics of their peers

when moving property and choose the most energy efficient neighbourhoods that deliver

the greatest returns. These returns, coupled with the global push to achieve ambitious

Net Zero targets, makes investments into energy efficiency improvements a particularly vi-

able option for households looking to build wealth. Currently, this is an under-researched

topic. Studies in the urban economics literature fail to rationalise how household location

decisions depend on such factors, instead focusing on other explanations such as access

to good schools (Bayer et al., 2007), access to cultural amenities (Koster et al., 2014; van

Duijn and Rouwendal, 2021; Autor et al., 2014), and the general affluence of a locality

(Couture et al., 2023; Guerrieri et al., 2013). While these papers provide the mechanisms

underpinning the sorting of households across space, they are not directly applicable to

the literature on residential energy efficiency. With that in mind, I develop in this chapter

a model that rationalise the findings from the previous two chapters. The model explores

how household’s demand for investment affects their location decisions and how this sub-

sequently affects property prices in the same location. I pin down the mechanisms to

a neighbourhood effect; when strong, the neighbourhood effect delivers higher levels of
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investment and higher property price, versus the opposite effect when the neighbourhood

effect is weak.

I develop the model by drawing on the urban economics literature to explain how invest-

ment demand and location decisions are influenced by one’s peers and how this translates

into into property bids. Two mutually exclusive groups of households are considered –

those that move house and those that do not move house (referred to hereafter as movers

and non-movers). Movers take decisions on how much to consume of a numeraire good,

investment services (for housing), and housing – obtaining utility which I assume to fol-

low Stone-Geary preferences. The Stone-Geary functional form imposes non-homothetic

preferences and requires that households obtain a minimum subsistence level of a good,

and only after this do they receive utility from consuming it. Papers in the spatial sorting

literature require non-homothetic such that households with differing incomes consume

differently – making the Stone-Geary functional form an attractive option (Schmidheiny,

2006; Eeckhout et al., 2014; Gaigné et al., 2022; Blouri et al., 2023; Grossmann et al.,

2021). Movers also draw utility from the investment potential provided by their chosen

neighbourhood. Neighbourhood effects, which following on from the previous chapter

takes the form of local neighbour’s energy efficiency scores, enter the model through this

incentive with a parameter defining the buyer’s degree of attentiveness to scores across

the neighbourhood. I model this in such a way that choosing to reside within areas of

higher energy efficiency crowds out one’s own investment through the decision to free-ride

on the back of their neighbour’s investments. This is consistent with the effect of an in-

crease in spending on regeneration projects modelled in Rossi-Hansberg et al., (2010). A

benefit of developing the model in this way is that it returns a set of demand functions for

each good as a function of the energy efficiency levels of the surrounding neighbourhood,

meaning I am able to capture how choosing a neighbourhood with higher levels of energy

efficiency impacts all forms of consumption that ultimately changes the budget constraint

for housing. This is particularly important when deriving the demand for housing and in-

vestment services. A second component of the model explores the subsequent effects this

has on investment spending within the wider neighbourhood among non-movers. Neigh-
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bourhood effects for non-movers come in the form of exposure to the investment services

consumed by movers and increase in intensity with the volume of services observed nearby.

I show in the empirical analysis in chapter three that movers select into the most efficient

neighbourhoods on the back of preferences for energy efficiency, and that exposure to this

group increases the likelihood that non-movers make home improvements of their own.

The model requires that each household faces a degree of exposure to local investment –

measured as the spatially-weighted sum of local investment expenditure undertaken by

movers – and that buyers learn about this through the neighbourhood effect which in-

duces them to increase their own investment.

Findings from the model align with those of the third chapter, shedding further light on

the mechanisms at play. Firstly, both movers and non-movers increase their demand for

investment in neighbourhoods with higher energy efficiency. Each household demands a

baseline level of investment in line with their preferences and are subject to spillovers in

the form of neighbourhood effects that increase their demand; investment among non-

movers is increasing in the investments made by movers – the latter of which is increasing

in the energy efficiency of the chosen neighbourhood. This occurs through exposure, as

movers have preferences for energy efficiency that translate into investments observable

by non-movers. The degree to which neighbourhood effects increase investments among

movers is determined by the degree of attentiveness they have for energy efficiency scores

across the neighbourhood at the time of purchase. Greater attentiveness means the buyer

places more importance on higher levels of efficiency – translating into greater consump-

tion of investment services and greater spillovers to non-movers. Intuitively, this makes

sense given that households would only increase investment beyond the baseline if they

perceived a benefit to doing so. This aligns with Baldauf et al., (2020) who find that the

subject (in their case, house prices) only responds to a phenomenon (flood risk) if the

agent believes in its existence. By incorporating the degree of attentiveness parameter

is to show that households would in fact undertake different levels of investment across

different neighbourhoods, that vary in their efficiency. Secondly, because property prices

in equilibrium are a function of the investment potential, the price equation reflects the

162



resulting changes in investment demand. Doing so matches the empirical estimates and

confirms that highly-efficient neighbourhoods attract a price premium over-and-above

those that are less efficient. I also show that higher levels of investment demand leads

buyers to bid higher for properties. By characterising the equilibrium in the economy,

I pin this down to the fact that buyers expect higher returns on their investments into

these neighbourhoods at the time of sale. This return is expected on the investments

made beyond those required to match the investment levels of the neighbourhood; which

I show to be undertaken in the most efficient neighbourhoods by those with preferences

for energy efficiency. Finally, higher levels of investment undertaken by movers induces

higher levels of investments by non-movers through greater exposure, but this is only true

in neighbourhoods that are among the most energy efficient. Though exposure drives

higher investments, this exposure is greatest in the most efficient neighbourhoods where

greater investments take place among movers. This acts in a similar way whereby neigh-

bourhood effects are present when non-movers observe home improvements undertaken

locally. These findings match those of the third chapter and shed light on the mechanisms

driving the increased investment – namely the attentiveness to energy efficiency scores

and the increased incidence of home improvements across the neighbourhood.

I contribute to the literature in three ways. Firstly, there is a dearth of theoretical evi-

dence exploring the drivers of residential energy efficiency investments. Most models from

the literature focus on the issue of underinvestment. Allcott and Greenstone, (2012) pro-

vide a conceptual framework that prescribes the low uptake of residential energy efficiency

investments as resulting from poor returns on investment overshadowed by high capital

cost. Others attribute this to high discount rates and produce models that optimise hu-

man behaviour (Hausman, 1979; Dubin and D. L. McFadden, 1984; Ansar and Sparks,

2009). While a separate strand of literature explores policy-based remedies to underin-

vestment and the resulting welfare effects after correcting for behavioural bias (Allcott

et al., 2012; Allcott and Taubinsky, 2013). These papers favour explanations for the poor

uptake of improvements at the household-level. While this is important, it is a narrow

view of the overall picture that neglects the important influence one’s peers have on be-
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haviour. Findings from this chapter actually contradict the findings from these papers,

providing evidence of increasing returns to investment under market forces as opposed to

a policy response.

Secondly, I provide a unique, spatial approach to exploring the drivers of investment by

modelling uptake as a function of neighbourhood effects. Common approaches in the liter-

ature adopt a more restrictive definition of neighbourhood effects as deriving from specific

individuals with specific attributes – as in the case of models that exploit networks. These

applications find their roots in education and public economics. I deviate from this and

provide a more simple approach by modelling neighbourhood effects as arising from a

neighbourhood’s energy efficiency. Such an approach aligns with chapter three, where

movers identify peers through property listing adverts based on their energy efficiency

characteristics and form expectations around the returns on investment. Neighbourhood

effects in this way enter the utility function and affect the household’s investment potential

in different neighbourhoods – thereby changing the demand for other consumption bun-

dles as a result. Using this approach is more preferable for two reasons, as it: i) avoids the

need to model explicitly the nature of household interactions across the neighbourhood,

and ii) allows me to capture the shifts in investment demand external to the household.

Studies from the housing and energy literature provide evidence that peer effects change

household behaviour. Patacchini and Venanzoni, (2014) use network analysis to show that

peer effects are present in home maintenance decisions as households conform to social

norms; Bollinger and Gillingham, (2012) demonstrate similar conformism in the adoption

of solar PPV; while Allcott, (2011b) and Bollinger et al., (2020) highlight that conformism

is also present in reducing the demand and consumption of utilities and water resources,

respectively. Evidence that peer effects modify behaviour make this model an important

one to understand the mechanisms at play in the market for household investment and

location decisions under neighbourhood effects.

By focusing solely on the gains realised through energy savings or the wider uptake of

improvements, previous papers neglect a key feature: the effect that exposure to peer ef-
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fects has on property prices. My third and final contribution to the literature is to model

the effect of peer-induced investment demand on property prices. Conflicting evidence of

the effects on prices from the previous two chapters fails to establish a clear theoretical

grounding. Chapter two would suggest that buyers discount prices in order to fund invest-

ment, while chapter three suggests that buyers pay a premium in expectation of receiving

it back at the time of sale. Findings from the latter suggest that neighbourhood effects

drive this result. I fill this gap in the literature by producing a model that explores the

effect on property prices of greater demand for investment when neighbourhood effects

are present. Any estimate of the property price equation is by design a function of a

neighbourhood’s energy efficiency and allows me to represent prices as a function of the

peer effect. I can therefore explore the price implications of varying degrees of the neigh-

bourhood effect. Overlooking the impact on prices is to miss an important piece of the

puzzle; how the resulting premium in these neighbourhoods affects the location decisions

of buyers. Both Guerrieri et al., (2013) and Couture et al., 2023 show that gentrification

causes richer households to price out poorer households in Downtown locations. While

the chapter in questions is not concerned with this, it lays the foundations for thinking

about such an issue and the effects on the spatial equilibrium of a city as buyers become

priced out of markets. I therefore contribute to the debate about residential sorting and

household location decisions by viewing this through the lens of wealth accumulation aris-

ing from residential investments.

I present some stylised facts about investment demand in Section 4.2 and the model for

both movers and non-movers in Section 4.3. Conclusions are drawn in Section 4.4, and

derivation for the model can be found in Section 4.5.

4.2 Stylised Facts

The previous chapters show that investment potential plays a key role in determining

household location decisions and property prices in a neighbourhood. Chapter two finds

that buyers value the potential energy efficiency of properties only if undertaking improve-

ments makes this is achievable. Chapter three on the other hand shows that the same
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potential is valued at the neighbourhood-level in locations that means it delivers returns

on investment. The model presented in this chapter looks to reconcile these two findings

and show that neighbourhood effects generate a price premium in neighbourhoods with

investment potential. Before presenting the model, I present some stylised facts that

motivate the relationships between investment, energy efficiency and property prices. I

align this with chapter three and present descriptive statistics using data gathered for the

London Travel To Work Area (TTWA).

4.2.1 #1: Moderately Efficient Neighbourhoods Have Investment Potential

A stereotypically rational households wanting to undertake home improvements would

only do so if they saw a return on their investments, either financially or through the

added comfort of their living environment. One can capture both returns through mea-

sures of energy efficiency. Current energy efficiency scores proxy for the level of thermal

comfort provided by a property, while unrealised efficiency – the difference between a

property’s current and potential score – captures its investment potential and hence the

prospect of future returns. The data for both measures come from the universe of EPCs

recorded in the London TTWA – for which I take the scores from each property’s latest

certificate. I take the median value for both scores at the output area level and plot them

in Figure 4.1. Output areas are a Census-define classification which splits local authorities

into smaller geographical areas with a usual resident population ranging between 100-625

people. I present the median to avoid capturing neighbourhoods with polarised efficiency

scores and to avoid the over-representation of more efficient properties.

From the plot, one can see that the density of neighbourhoods is highest around the

middle of the distribution. Darker areas represent a larger cluster, with a large proportion

of output areas having a median current efficiency score between 50-60. This is only a low

D-rating which represents poor efficiency. Included in this cluster are areas with higher

efficiency scores around 70. Properties nearer the centre of the distribution exhibit a high

degree of investment potential – with the prospect of increasing their efficiency by around

one-third. Such neighbourhoods should be attractive to buyers with preferences for energy
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efficiency and those looking to invest in their property. The same is not true for areas

with greater efficiency. A negative correlation between current and unrealised efficiency

suggests that highly-rated neighbourhoods have lower potential. One should expect this

given that there are limits to the improvements that can be made. The gradient is

steep, however, illustrating that investment potential is highest towards the centre of

the distribution and lowest even for properties just beyond the centre. A tight and

relatively linear gradient like this should make it easier for buyers to identify areas with

potential, thereby ensuring that buyers can accurately respond to information surrounding

investment potential.

Figure 4.1: Investment Potential by Neighbourhood

NOTES: This figure takes the median current and unrealised efficiency for each neighbourhood and plots

the result. I take the median to avoid over-representing neighbourhoods with polarised levels of energy

efficiency. Analysis is undertaken at the level of output area.

Greater potential at the centre of the distribution tells an interesting story, but fails to

provide insight into the spatial patterns behind this. In Figure 4.2 I take both axes

from the scatter plot and impose them on separate maps to illustrate this relationship

spatially. The left-hand map presents current energy efficiency scores and the right-hand

map unrealised efficiency (both still representing the median property in each output

area).
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Figure 4.2: Energy Efficiency by Neighbourhood: London TTWA

NOTES: This figure maps median current and unrealised efficiency scores by output area for each

property’s latest EPC. Scores are broken down into bands.

Taken individually, the maps illustrate the expected pattern that Central London has

higher levels of energy efficiency and lower investment potential owing to the modern

housing stock. This is also evident in the gentrified west of the city and regenerated

regions along the river Thames in the east. The effects of gentrification can be seen by

poorer areas in the east that have more modest energy efficiency but more potential.

Energy efficiency dissipates as one leaves the centre and more so as we reach the out-

skirts, illustrated by neighbourhoods with more modest scores. The previous pattern of

modest efficiency and high potential seems more apparent in these suburban neighbour-

hoods. While neighbourhoods closer to the city centre offer better access to amenities,

more distant neighbourhoods offer better investment potential – highlighting a trade-off

in residential sorting decisions and motivating the need for a model to understand the

impacts of investment demand.

4.2.2 #2: Investment is Driven by Preferences and Potential

Investments into improving residential energy efficiency are often expensive and the re-

turns uncertain, making for variation spatially. In chapter three of this thesis I show

this to be the case. Contained within EPCs are a set of recommendations put forward

by the assessing engineer that enable the household to obtain their potential efficiency.

By accessing the costs associated with these recommendations, I am able to identify the

investments undertaken by households between certificates and aggregate them by output

area to derive a measure of total investment expenditure. I map the spatial distribution
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of this expenditure in Figure 4.3.

Figure 4.3: Investment Expenditure by Neighbourhood: London TTWA

NOTES: Investment expenditure is created as a proxy for the amount households spend on energy

efficiency improvements. I calculate this using a repeat sales approach, whereby an improvement is con-

sidered undertaken if it was listed as a recommendation in the property’s first EPC but not in subsequent

EPCs. I observe the cost of each recommendation and sum these across the neighbourhood, weighting

by the number of properties in that location.

Bearing in mind that population is pretty much fixed across all output area, a lot of the

investment occurs in areas outside of central London. While this is likely driven by the

age of the housing stock, as noted before, it is also driven by build type – as a higher share

of central properties are apartments that are harder to improve. Pockets of East London

have high levels of investment; so do too more peripheral regions in the north and south

where investment potential is highest. Gentrified neighbourhoods in the more affluent

west of the city demonstrate high levels of investment, but less than the aforementioned

locations. One would also imagine that this is a product of demographics, owing to a

larger share of family dwellings. That being said, we do observe a high degree of spatial

variation which seems to follow a pattern of investment in suburban locations. I break this

down further by extracting the neighbourhoods with the highest levels of investment and
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superimposing them on the map of the median investment potential (unrealised efficiency).

The resulting map is presented in Figure 4.4.

Figure 4.4: Investment Potential and Expenditure by Neighbourhood: London TTWA

NOTES: The left-hand figure maps investment potential – defined as the median unrealised efficiency

within each output area – and superimposes the output areas with the highest levels of investment

expenditure (those areas that fall into the top decile in Figure 4.3). This is taken for each property’s

latest EPC. The right-hand figure plots the median current and unrealised expenditure (like in Figure 4.1),

where the size of the bubbles corresponds to the size of the investment spend within the output area.

One can see from the left-hand map that investment is highest in neighbourhoods with the

highest potential – evident by the smattering of green. High levels of unrealised efficiency

means that higher levels of investment can be undertaken, so one would expect this results.

Investment is heavily concentrated in suburban areas, but pockets are evident in more

central locations as well with lower levels of unrealised efficiency – those most constrained

in terms of the possible investment expenditure. One can draw from this that preferences

also play a role, as investment is high in neighbourhoods that have little to gain. I explore

this in the right-hand visual of Figure 4.4 by plotting current against unrealised efficiency.

The size of the bubbles vary by the investment spend in the neighbourhood from which two

clusters are identified. The first shows that investment spend is high in areas with modest

efficiency and high unrealised efficiency; supporting earlier conclusions that investment

occurs in areas with most to gain. The second cluster shows that high levels of investment

also occur in the most efficient neighbourhoods with less to gain and points the idea that

this is in fact preference-driven. The descriptive statistics presented here align with the

findings from chapter three, which demonstrate that i) households with preferences for

residential energy efficiency purchase in the most efficient neighbourhoods, and that ii)

investment in these neighbourhoods occurs as households aim to gain from improving
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poorer properties. I rationalise these findings with the model developed in this chapter.

4.2.3 #3: Energy Efficiency and Investment Potential Draw Higher Prices

While traditional explanations of property price variation point to access to employment,

amenities and public services, the previous descriptive analyses would suggest that prop-

erty quality is also an important explanatory factor. I delve into this as an explanation by

exploring the correlation between property prices and energy efficiency. Using property-

level data on transaction prices supplied by HM Land Registry, I calculate the change in

property prices between 2009-2019 by Lower-Layer Super Output Area (LSOA). These

are similar to output areas, only they are slightly larger and contain between 1,000-3,000

individuals. Figure 4.5 takes the LSOAs with the highest growth over the period and

superimposes them on the previous maps depicting energy efficiency.

Figure 4.5: Energy Efficiency Among Priciest Neighbourhoods: London TTWA

NOTES: In this figure, I replicate the maps presenting the median current and unrealised efficiency

scores by output area in Figure 4.2 and superimpose the LSOAs with the highest levels of property

price growth over the period 2009-2019 – calculated using data from HM Land Registry. Property price

figures are produced by the Office for National Statistics (ONS) using hedonic regressions to perform

mix-adjustment in property types.

Property price growth is highest in neighbourhoods with more energy-efficient properties

– reflected in the large pockets of yellow and green on the left-hand map. Growth clus-

tered around central London is no surprise, but this also branches out across the whole

TTWA in neighbourhoods in both the North- and South-West. These areas still have

energy efficiency levels greater than the average which provides descriptive evidence of a

relationship between property prices and energy efficiency. At a glance, one would not see

the same relationships for unrealised efficiency. Generally speaking, neighbourhoods with
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the largest growth in property prices are those with lower potential (those shaded in red).

Central locations – which previously show to have lower potential – are the main drivers

of this trend. Looking further out towards suburban locations, areas with potential do

exhibit price growth; northern and eastern locations in-particular. This provides sugges-

tive evidence that price growth in this case is more likely when investments deliver more

tangible benefits; i.e. when properties can be taken from energy-inefficient to efficient.

4.2.4 #4: Property Prices Reflect Higher Levels of Investment

While the previous subsection provides descriptive evidence that property prices respond

positively to higher levels of energy efficiency (which is well-noted in the literature review

in chapter two) – a lesser understood question is whether households recoup their invest-

ments at the time of sale. The purpose of this chapter is to model how buyers undertake

investment and the impact that this demand has on the prices buyers offer for property.

As buyer’s perceptions of investment returns are important for their ultimate offers, the

model requires that there be evidence of returns. I show this to be the case in Figure 4.6.
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Figure 4.6: Investment Expenditure and Property Prices (2009-2019): London TTWA

NOTES: In this figure, I plot the LSOAs with the highest property price growth over the period 2009-

2019. I then take the plot of investment expenditure by output area from Figure 4.3 and superimpose

those locations with the highest level of expenditure (locations in the highest decile).

Mapped here is property-price growth by neighbourhood between 2009-2019, upon which

I superimpose the neighbourhoods with the highest levels of investment expenditure. Yel-

low and green neighbourhoods are those with positive price growth while red and orange

are those with price contraction. The majority of neighbourhoods with the highest levels

of investment experience positive price growth, with most growing at rates upwards of

50%. Neighbourhoods are evenly distributed across the TTWA showing that there are no

location biases in the relationship between property prices and investment. Central loca-

tions are predictably of higher growth, but suburban neighbourhoods with high potential

also experience relatively high levels.

The previous figures highlight a significant degree of correlation between investment, en-

ergy efficiency, and property prices. Given that these are explored in isolation, one may

think that these correlations are driven by unobserved variables. I therefore run two re-
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gressions gathering data at the output-area level to show that this is not the case.

Column 1 presents the results of a regression of energy efficiency characteristics on the

level of investment expenditure in a log-log specification. Neighbourhoods with higher

levels of energy efficiency and investment potential experience higher levels of investment.

A unit-percent increase in both leads to a 10.6% and 0.2% increase in investment ex-

penditure, respectively. One can see the differing investment incentives when observing

the coefficients on the squared terms, however. The negative coefficient for current ef-

ficiency suggests that investment expenditure increases at a decreasing rate beyond a

certain point. We can see this in the coefficients on the dummy variables, that expendi-

ture is lower and statistically insignificant in areas with higher levels of current efficiency

(1.High). Conversely, the positive coefficient on the squared unrealised efficiency term

suggests that investment expenditure may be increasing with investment potential across

the distribution – although this is statistically insignificant. One can see this is the case

by looking at the coefficients on the dummy variables for the unrealised distribution; the

coefficients grow in magnitude with the level of unrealised efficiency, suggesting higher

investment expenditure in neighbourhoods with greater potential. Findings from Column

1 align with Fact #2 – that investment is driven by preferences as households invest in

neighbourhoods with moderately-high efficiency, and by investment potential as house-

holds invest in neighbourhoods with moderate-efficiency and high unrealised efficiency.
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Table 4.1: Drivers of Investment Expenditure
and Property Prices

(1) (2)

Inv. Expenditure 0.840**

(0.259)

Current 10.58*** 312.3***

(1.26) (41.70)

Current2 -0.0014*** -0.03***

(0.00017) (0.0053)

Unrealised 0.208*** 0.857

(0.0509) (1.646)

Unrealised2 0.0002 0.0327***

(0.00017) (0.006)

Current Distribution

1.Mid 0.143*** 1.982

(0.0294) (1.125)

1.High 0.122 3.662

(0.0555) (1.931)

Unrealised Distribution

1.Mid 0.236*** 4.049**

(0.0334) (1.268)

1.High 0.270*** 5.104**

(0.0508) (1.836)

Adj. R2 0.108 0.107

Observations 22370 20890

NOTES: Standard errors clustered at the output

area in parentheses. All continuous variables are

measured in logs. The dependent variable in Column

1 is the log of investment expenditure; for Column 2

it is the log or property prices. Data are collected at

the output area level, using the median of current and

unrealised efficiency. I control for Gross Value Added

(GVA), distance to CBD, population, and density to

capture effects arising from the location, size, and

income of an area. 1.Low represents the hold-out

category for both the Current and Unrealised Distri-

bution. * p < 0.05, ** p < 0.01, *** p < 0.001

Columns 2 on the other hand presents the results of a regression of the same characteristics

on the change in property prices over the sample period using a linear-log model.36 One

can see that the energy efficiency of the neighbourhood generates an increase in property

prices. A 1% increase in the median current energy efficiency score of a neighbourhood

36The dependent variable is a percentage change and so contains positive and negative values, preclud-
ing the use of a log-log specification.
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generated a 3 percentage-point increases in property price growth over the period. This

represents significant growth – especially when one compares this with a smaller and

statistically insignificant coefficient for unrealised efficiency. However, turning again to

the squared energy efficiency variables tells a better story. A negative and statistically

significant coefficient on the current efficiency term suggests that prices only increase up

to a certain level of efficiency, whereas a positive and statistically significant coefficient on

the unrealised efficiency terms suggests that prices are growing faster in neighbourhoods

with greater investment potential. The latter is very-much driven by areas with higher

levels of investment potential, as can be seen by magnitude of the coefficients across the

unrealised distribution. Findings here align with Fact #3 that higher prices are found

in neighbourhoods with greater energy efficiency and investment potential. Column 2

also presents estimates of the relationship between investment expenditure and property

prices. The coefficient shows that property prices grew on average by 0.8 percentage

points in response to a £1,000 increase in investment expenditure – highlighting the fact

that buyers capitalise such expenditure. This corroborates the descriptive analysis pre-

sented in support of Fact #4 that neighbourhoods experiencing price growth are the ones

previously having received the highest levels of investment.

Using both descriptive statistics and empirical analysis, I provide evidence to support

four key facts: that investment potential is highest in moderately-efficient neighbour-

hoods; investment expenditure is highest in energy-efficient neighbourhoods with invest-

ment potential (driven by preferences); both are reflected in higher property prices in

these neighbourhoods; and that property prices further reflect the investment expendi-

ture undertaken. Previous research within the empirical literature has failed to recognise

the effects of investment potential and expenditure on property prices. Both impact

the location decisions taken by movers, adding further complication. The stylised facts

presented here show that the effects are non-negligible and therefore motivate the need

for better understanding. The model presented in this chapter seeks to shed light on the

mechanisms driving these features and their effects on property prices. In the next section

I introduce and solve the model.

176



4.3 Model

Consider a closed city composed of n = {1, ..., N} neighbourhoods with a fixed number

of households i that belong to one of two mutually exclusive groups – those choosing to

move property (movers) and those that do not move property (non-movers).37 Both make

decisions in the same period: movers make location decisions based on the prevailing price

of property and their own demand for housing investment within a neighbourhood, while

non-movers make investment decisions based on exposure to those taken by movers. The

latter occurs as non-movers observe the investments undertaken in their neighbourhood.

The purpose of this model is to capture the drivers of demand for investment and to

explore the implications this has for property prices and household location decisions:

specifically, the model pins down the impact in both the presence and absence of neigh-

bourhood effects. Both movers and non-movers are exposed to a neighbourhood effect

originating from different sources. I develop a model of an economy composed of two

sectors, one producing final goods and the other providing investment services. In solving

the model, I show that property prices increase in response to household investment and

the neighbourhood’s energy efficiency. I then characterise the equilibrium of the econ-

omy before studying the decisions of non-movers. I start by building the structure of the

economy and introducing the utility framework for movers.

4.3.1 Movers

Moving households obtain utility from the consumption of a freely-traded final (numeraire)

good Ci, housing Hi and investment services Ii according to the utility specification in

Eq.(18). Preferences for each are captured by the parameters αi, βi and γi, respectively,

which I allow to vary across households and which sum to unity. The share of income

assigned to each good or service is captured by these parameters. Income is captured

through the wage wi which the household earns through employment in either of two

37I remove inter-city migration so that labour supply remains fixed in the model.
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sectors.

max
{Ci,Hi,Ii}

UM
i = Cαi

i

(
Hi − h̄

)βi (Ii − 1 − θµin
γn

)γi
(18)

subject to wi = Ci + rnHi + pnIi

Utility is modelled on the assumption that households possess Stone-Geary preferences

for housing such that utility is obtained only after a minimum level of consumption has

been satisfied. Households require this minimum level for survival according to the term h̄

which is homogenous across all households.38 I model housing consumption in this manner

for two reasons: as i) this matches the true approach taken by households in a property

search (Eeckhout et al., 2014; Grossmann et al., 2021), and ii) it allows households to trade

off expenditure on housing for home improvements attained through the consumption of

investment services. I assume the constraint to be binding such that households facing this

trade-off may always reserve income for consumption, such that Ci > 0. Those that opt

for lower levels of housing demand may direct resources to the consumption of investment

services to upgrade their housing stock. Household investment is determined by one’s

own demand for investment services Ii and by the innate investment potential provided

by a neighbourhood 1−θµin

γn
. Drawing on the public economics literature Calabrese et al.,

(2006), investment potential is composed of two terms. Firstly, it is a negative function

of θn which captures the average energy efficiency of the neighbourhood En relative to

the average across the wider city Ē, such that39

θn =

(
En
Ē

)
(19)

This is measured on a continuum θn ∈ (0,∞] where neighbourhoods more energy efficient

than the city-wide average achieve θn > 1. In this event, investment potential becomes

negative and reflects the fact that unrealised efficiency is lower and so is the scope for

investment. A second explanation – modelled in line with Rossi-Hansberg et al., (2010) –

38For example, a roofed dwelling with access to an energy source for heating and food preparation.
39Where En captures the similarity in energy efficiency scores between each reference property i and

its neighbours j with distance weight ωi, such that θn =
∑

i

[∑J
j=1 ωi,jEi − Ē

∑J
j=1 ωi,j

]
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is that neighbourhoods with historically high levels of investment crowd out future invest-

ment by allowing buyers to free-ride on the back of other’s efforts. The extent to which

buyers are aware of the neighbourhood-city differential is captured by the term µi which

models buyer’s attentiveness to energy efficiency scores across the neighbourhood and

which allows investment potential to vary across households. In other words, the more a

household values residence within an energy-efficient neighbourhood, the higher the per-

ceived investment potential. Energy efficiency at the neighbourhood-level is defined as

the neighbourhood effect for movers. Like in the empirical exercise where movers make

location decisions based on information reported in property listing adverts, I assume

that this group can observe the characteristics of prospective peers which then influences

the decisions they take with regards to housing and demand for investment services. Sec-

ondly, investment potential is a negative function of the investment preferences of the

wider neighbourhood γn. This acts in a similar way in that it captures the inclination

of buyers to free-ride. Linking back to chapter three, I distinguish between the two in

that one can observe the former through information reported in property listings, while

buyers are left to infer the latter. Both terms are shown to be exogenous in the empirical

analysis when reported in property listings; random variation in the timing and spatial

dispersion of property listings sees to this. Investment potential is then a function of the

two inputs which directly enter the household’s utility function, allowing them to choose

neighbourhoods based on their preferences for residential energy efficiency. I show later

in the chapter that buyers pay more to reside in the most energy efficient neighbourhoods

and that this leads to an increase in investments undertaken by both movers and non-

movers.

I develop the model in such a way that movers receive dis-utility when their investment

demand is lower than the potential – or what would be optimal for their chosen market.

Investment potential can take negative values (as we will see later) which corresponds to

individuals forgoing investments in favour of consuming more of housing or the freely-

traded good in the most energy efficient neighbourhoods. Such a scenario ensures that

households only choose locations in which their own preferences match that of the neigh-
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bourhood, inferring that γi ≡ γn. I only consider in this model households that choose

neighbourhoods that represent a suitable match for their investment preferences. This

a reasonable assumption and one that matches the results of chapter three, finding that

buyers choose locations that align with their own preference. Including investment po-

tential within the model allows me to determine how property prices are affected by the

energy efficiency level and investment demand within a neighbourhood, given that this

term enters into the demand function of all three goods. Maximising utility subject to

the prices and income highlights this in the demand functions presented in Eq.(20)

Ci = αi(wi − rnh̄− pn
1 − θµin
γn

)

Hi − h̄ =
βi(wi − rnh̄− pn

1−θµin

γn
)

rn
(20)

Ii −
1 − θµin
γn

=
γi(wi − rnh̄− pn

1−θµin

γn
)

pn

Demand in all cases increases linearly with the income disposable after consuming the

remaining goods and is weighted by the preference for the respective good. Allowing

housing demand to be a function of the investment potential that varies by household

highlights the clear trade-off between the two. One can write the demand for investment

services as

Ii =
γi

(
wi − rnh̄− pn

(
1−θµi

n

γn

))
pn

+

(
1 − θµin
γn

)
(21)

where demand is equal to the amount demanded by the households (as dictated by their

preferences) plus that arising from investment potential. One can see that investment is

crowded out in the most efficient neighbourhoods (θµin > 1). Taking the earlier fact that

the model constrains movers to purchasing in neighbourhoods with similar preferences to

their own (γ = γn), one can express this purely in terms of household preferences

Ii =
γi
(
wi − rnh̄

)
pn

+ (1 − θµin )

(
1 − γi
γi

)
(22)
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Demand for investment services increases with the disposable income attributed to invest-

ment services and decrease with the price. Captured by the first term is the household’s

baseline level of demand weighted by preferences for investment. The second term instead

captures how the average energy efficiency of the neighbourhood compared with the city-

wide average (the neighbourhood effect) impacts one’s demand. Taking the first order

derivative with respect to θn shows that the demand for investment services is a decreasing

function of the neighbourhood’s energy efficiency. This is larger for higher levels of µi – in

other words, for households who are more attentive to energy efficiency scores in the sur-

rounding area and who are more likely to be aware of the surrounding historic investment

stock. Taking the second order derivative with respect to θn illustrates the importance

of this attentiveness; highlighting the presence of a U-shaped relationship between in-

vestment and a neighbourhood’s energy efficiency. The parameter therefore dictates the

extent to which buyers are knowledgable about their potential and the investments they

are willing to undertake.

∂Ii
∂θn

= −µiθµi−1
n

(
1 − γi
γi

)
∂2Ii
∂θ2n

= (1 − µi)µiθ
µi−2
n

(
1 − γi
γi

)

The degree to which investment varies with attentiveness depends also on one’s own pref-

erences γi which weight the impact of one’s potential on investment. In this case, the

neighbourhood effect dictates that households choosing more efficient locations should

match the investments of their neighbours but that the incentive to further it is min-

imal when viewing it in isolation. Highlighted in this section then is that investment

preferences could be a key driver in one’s location decision, given that one’s demand for

investment services is shown to vary across neighbourhoods depending on its energy effi-

ciency. Location decisions are then a product of the household’s remaining income. I now

explore the extent to which the costs of obtaining such services influence this demand

and, hence, location.

4.3.2 Investment Services

Demand functions derived in the previous section highlight the interconnectedness of hous-

ing and investment demand. Equilibrium property prices – where supply meets demand
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– would then be a function of buyer’s investment demand, but household consumption

is constrained by the price of investment services. These prices are determined in equi-

librium by suppliers. Previous research has evidenced that investment has limits, most

notably in the context of price ceilings that limit returns on investment and the subse-

quent home improvements undertaken (Dixit, 1991). This chapter recognises that housing

investment is not limitless and makes the assumption that households only invest what

they are confident they will make back by way of price returns at sale – captured by the

investment potential term. Investment undertaken beyond this point is deemed risky and

the returns uncertain.

Without information on ceiling price, I instead augment the approach of Severen, (2023)

and develop a formula for the price of investment services determined by suppliers. Firms

supply services in a competitive market using two inputs: materials Mn and labour LIn,

expressed in Eq.(23). Materials can be thought of as the inputs to make home improve-

ments, such as wall insulation, roofing tiles, or windows. Demand for labour and materials

varies by neighbourhood, and so do the respective prices. The price of labour varies owing

to the fact that individuals can either work in this sector or in the production of the final

good; the price of materials varies owing to the supply of materials and the endowment in

each neighbourhood (see later). I denote the wage paid in neighbourhood n as wn. Like

in the case of materials, this speaks to the empirical analysis whereby labour at one end

of the London TTWA would be unlikely to offer services at the opposite end, creating

regional price-based competition. Included in the model is a productivity term λi which

captures conditions that make delivering investment services in certain locations more

productive (i.e. owing to differences in topology, planning regulations locally, or local

knowledge). One could also think of productivity as function of the number of similar

investments undertaken locally, such that the search and monetary costs of procuring

labour and materials is reduced.

In = λnL
I
n

Ω
M1−Ω

n (23)

Firms provide investment services to maximise profits subject to the cost of inputs and
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their budget Cn; one can then write the firm’s production function in the form of a zero

profit condition in Eq. (24)

π = pnλnL
I
n

Ω
M1−Ω

n − Pm
n Mn − wnL

I
n = 0 (24)

Where pn represents the price set for services and pnλnL
I
n
Ω
M1−Ω

n the revenue obtained.

Taking first-order conditions returns

∂π

∂LIn
= ΩpnλnL

I
n

Ω−1
M1−Ω

n − wn = 0

∂π

∂Mn

= (1 − Ω)pnλnL
I
n

Ω
M−Ω

n − pmn = 0

Combining the two conditions provides the following identity showing that the demand

for both inputs is inversely related to its respective cost and positively related to its

productivity.

Mn

LIn
=

1 − Ω

Ω

wn
pmn

(25)

Rearranging this equation for Mn and substituting into the budget constrain returns the

demand function for both inputs, such that

L∗I
n =

ΩCn
wn

M∗
n =

(1 − Ω)Cn
pmn

(26)

Demand for inputs is also positively related to the firm’s budget, allowing firms to deploy

more resources as their budget increases. Taking the first order condition for labour and

substituting in the demand equations in Eq.(26), we can back out an equation describing

the price of investment services in each neighbourhood.

pn =
wn

Ωλn

(
LIn
Mn

)1−Ω

pn =
wΩ
n

λnΩΩ(1 − Ω)1−Ω
(pmn )1−Ω (27)
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Eq.(27) represents the price of investment services supplied. Prices increase with the

cost of both labour and material inputs and decrease when these inputs become more

productive. These costs vary across neighbourhoods which subsequently alters the dis-

tribution of investment across the city as the costs influences consumer demand. The

interconnectedness of investment and housing demand means that changes in the supply

of investment services alters the demand for housing and affects the spatial sorting of

households across the city (though, this chapter is not directly concerned with this). The

same is true when the price of supplying investment falls, as is the case in neighbour-

hoods that have location-specific factors that make the installation of said services more

productive. Investment ought to be higher in locations that are cheaper to invest in or in

locations that have lower housing costs.

Currently I cannot characterise the equilibrium price of investment services because the

price of both materials and labour are endogenous to the model. For material inputs,

I obtain the equilibrium price by introducing a sector that supplies materials to the

firms providing investment services. I model supply using a flexible function described in

Eq.(28).40

MS
N = M̄n(pmn )η (28)

Each neighbourhood has a fixed endowment of materials M̄n from which supply then

adjusts according to the elasticity of supply of materials η. A benefit of this approach

is that one can remain agnostic as to the budget constraint faced by suppliers. One can

also assume that developers are based out-of-town and abstract from issues around the

repatriation of profits into the city.41 The structure of the equation can be better seen if

one takes logs.

ln(MS
n ) = ln(M̄n) + ηln(pmn ) + ϵn (29)

40A number of papers have adopted this functional form to model the supply of housing (i.e. Saiz,
(2010); Diamond, (2016); Monte et al., (2018); Quentel, (2024)). Materials are essentially a component
of housing construction and can be appropriately modelled in this way.

41If this were not the case, suppliers would invest in the city, creating general equilibrium effects.
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From the regression we see that the endowment of materials is a constant and η captures

the elasticity of materials supply with respect to material prices in neighbourhood n. This

approach then captures how responsive developers are to prices in a locality and whether

this encourages buffers in supply. Neighbourhoods with higher elasticities experience

greater increases in materials that add to the existing stock. For the basis of the model,

ηn is assumed inelastic. Setting both the supply and demand for materials equal to each

other, one can recover an equilibrium price for materials

pmn =

[
(1 − Ω)Cn

M̄n

] 1
1+η

(30)

The resulting price depends positively on the productivity of using materials in providing

investment services and on the budget allocated to employing inputs. A greater endow-

ment of materials acts as an increase in supply within the neighbourhood and lowers the

final price. Now, the price of investment services in Eq.(27) only depends endogenously

on the wages paid to labour wn.

4.3.3 Goods Production

To ensure that the equilibrium can be characterised, I model the production of the final

good (that serves as the numeraire) such that wages can be determined for labour in both

sectors. Wages determined in this sector clear the labour market by allocating workers

to employment in either the production of the final good or the provision of investment

services. The production sector is of lesser importance for the conclusions of the model

and has no application to the reduced form estimates. For that reason, I abstract from

complications and assume that production within a neighbourhood yn is the product of

the labour employed in that sector LTn and some productivity term that captures the

location-specific factors zn that make some neighbourhoods better at producing the good,

such that

yn = znL
T
n (31)
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As the final good acts as the numeraire, the price can be normalised to unity. Production

of the final good under perfect competition implies that revenue must be equal to the cost

znL
T
n = wnL

T
n (32)

Expressing this as a profit function by subtracting costs from revenue and taking the

derivate with respect to labour returns

∂

∂LTn
znL

T
n − wnL

T
n = zn − wn = 0

Which means that the wages paid in the production sector are equal to each location’s

productivity.

wn = zn (33)

This would imply that production concentrates in the most productive neighbourhoods.

It further implies that, as wages must equalise between sectors, wages paid to labour

providing investment services is also equal to the location-specific productivity term, such

that wn = wIn = wTn = zn. In this respect, wages are equal across sectors but vary between

neighbourhoods in the city. This creates competition between the two sectors in the land

market as firms chase the most productive locations. I later characterise the equilibrium

of the economy and show that the labour market clearing condition requires employment

in both sectors be equal to the total resident population of the city.

4.3.4 Housing and Investment Demand

Now we have the ingredients to compute the equilibrium price of investment services and

to characterise the equilibrium of the economy. Before doing so, I turn my attention to the

housing market by exploring the effects on housing demand of an increase in i) the demand

for investment services, and ii) the neighbourhood’s investment potential (neighbourhood

effects). Motivating this model is the need to explore how mover’s demand for investment

services is affected by neighbourhood effects, and how this subsequently affects house-

hold’s property bids and location decisions. Earlier computations of the buyer demand
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functions show that housing consumption is a function of the investment potential and

the prevailing market price – providing a clear channel through which prices change. A

limitations of this approach is that the Stone-Geary structure imposes linearity in demand

with respect to the price of each good. Property prices enter both directly and indirectly

(through their effects on disposable income). In other words, they enter the housing de-

mand equation multiple times – in the denominator and in the numerator – making it

difficult to equate prices at the equilibrium where demand meets supply. To overcome

this, in the following section I impose a market clearing condition that allows me to back

out equilibrium property prices. A limitation is that housing supply is exogenous to the

model. Before I characterise the equilibrium in the property market, I provide intuition

here on the expected effects on both housing demand and on prices.

I make the assumptions that housing supply is exogenous and fixed. While the latter is a

strong assumption, London is notorious for being a land-constrained city. Surrounded by

greenbelt land, the city has only increased the supply of new housing by 1% per year on

average between 2009-2019.42 I make this assumption in line with Glaeser and Gyourko,

(2005) who show that housing stock is slow to adjust in US cities owing to its slow depre-

ciation over time. The authors imply that supply as a result can be treated as fixed in the

short-run. In their seminal paper, and with focus on US cities, Saiz, (2010) shows that the

supply elasticity of housing is also relatively low and inelastic in land-constrained cities

and in those that are larger. London fits this billing. Furthermore, Ball et al., (2010)

show that supply elasticity is actually larger in US cities owing to less restrictive regula-

tion – suggesting that housing supply in London may in fact be even more inelastic than

previously determined. London sits within a highly restrictive regulatory system dictated

by strict planning laws – given its size and constrained land. While the assumption of

exogeneity simplifies the model and its solution, one would expect (based on evidence) the

housing supply curve to be inelastic and to shift very little in actuality. A close-to-fixed

housing supply curve means that any price increases induced by shifts in demand are less

likely to be offset by an increase in supply.

42Figure calculated using data on new completions from Planning London and live tables on dwelling
stock sourced from MHCLG.
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If this is the case, I can link property price increases to changes in investment potential

and the demand for investment services by showing that: i) the housing demand curve

takes the normal, downward-sloping shape, and ii) the housing demand curve shifts out-

ward (inward) in response to an increase in neighbourhood energy efficiency (demand for

investment services). The former shows that the demand curve behaves in the expected

way, while the latter would imply the price change. To show that the demand curve is

well-behaved, I take the derivative of the housing demand function in Eq.(20) with respect

to the property price

∂Hi

∂rn
= −βih̄r−1 − βi

(
zn − rnh̄− pn

(
1 − θµin
γn

))
r−2
n

From the derivative we can see that the demand curve is downward sloping as increases

in property prices across a neighbourhood reduce the demand for property. Any increase

in demand would induce a rightward shift in the curve and an increase in prices. To make

this a function of both the demand for investment services and the neighbourhood effect,

I rearrange the demand equation for the former in Eq.(20) to become

pn
(1 − θµin )

γi
= pnIi − γi

(
wi − rnh̄

)
+ pn(1 − θµin )

We can see then that investment potential is smaller in the most efficient neighbourhoods

(as homes are already closer to achieving their potential) and is an increasing function

of the spending on investment services by households. Substituting this back into the

housing demand equation means that we can express this as a function of the two

Hi =
βi(zn + (γnzn − pnIi) − pn(1 − θµin ))

rn
+ h̄(1 − βi(1 + γn)) (34)

∂Hi

∂Ii
< 0 and

∂Hi

∂θn
> 0 (35)

A fixed supply of housing would imply that changes in housing demand are analogous to

changes in property prices. Prices are a positive function of the wage zn paid to labour
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employed in the production of the final good and investment services. Prices are also in-

creasing in the share of income attributed to the consumption of investment services γizn.

However, the actual spending on investment services the household is willing to undertake

leads to a reduction in prices pnIi. The two are essentially equivalent, but for the fact

that spending on investment services is driven by the respective price. That the two have

opposing signs could be attributed to the effect of the price of investment services and

the fact that households discount their property bids when faced with financing costlier

improvements. Such a situation corroborates the findings from chapter two that suggests

buyers discount their bids for properties further from their potential energy efficiency in

order to finance further home improvements.

The investment potential term has a negative relationship with price. Like before, this

suggests that areas with higher investment potential (θµin ∈ (0, 1]) observe price discounts

as buyers look to fund improvements. However, the same buyers actually pay more for

neighbourhoods with higher levels of energy efficiency that have lower investment poten-

tial θµin > 1. As previously stated, I only model the scenario for which buyers choose

neighbourhoods that represent a good match for investment preferences; this result would

therefore suggest that buyers choosing more efficient neighbourhoods do so on the basis

of the historic investments undertaken that align with their tastes. A second explanation

would be that properties in these locations are more likely to be of better quality and

reflect the fact that household’s perceive tangible benefits to locating within them. In

chapter three I find that this benefit arises from higher expected returns from investment.

One can see this in the housing demand equation if we observe the case where znγi > pnIi.

When the income set aside for consuming investment services is greater than that required

to align with the neighbourhood (captured by pnIi), households are expected to increase

their housing bids. This creates a setting in which households complete these necessary

energy efficiency improvements, but expect higher returns from those improvements that

go beyond those of the wider neighbourhood – thereby bidding higher in order to secure

this type of housing.
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Each neighbourhood comes with an investment requirement that the mover must match. I

show in the previous paragraph that exceeding this requirement leads movers to increase

their property bids. By once again manipulating the demand equation for investment

services, one can model the demand for such services made above-and-beyond those driven

by a neighbourhood’s investment potential.

Ii −
(1 − θµin )

γi
=
γi
(
wi − rnh̄

)
pn

− (1 − θµin ) (36)

This is depicted by the right-hand side of the equation. We can see that these addi-

tional investments are increasing in energy efficient neighbourhoods, reflecting that these

neighbourhoods do in fact offer greater returns to investment; returns that can be seen in

Eq.(34) for greater levels of energy efficiency.

I show in this section that buyers increase their property bids for more energy-efficient

neighbourhoods and decrease their bids in response to an increase in the required invest-

ment spend. The former aligns with findings from chapter three while the latter aligns

with findings from chapter two. The neighbourhood effect explains the difference in the

two findings in that it alters movers’ preferences. Movers anticipate returns to investment

on the improvements that exceed those undertaken across the neighbourhood, which are

financed by the household’s remaining investment budget. These investments are under-

taken in the most efficient neighbourhoods owing to the expectation of greater returns

in areas where property prices are already higher (and reflect energy efficiency). Movers

increase their property bids in order to secure housing in this location. As such, this will

affect the locations in which movers choose to locate as they trade-off investment returns

with property prices in different neighbourhoods.

4.3.5 Characterising Equilibrium

I now characterise the equilibrium in the economy. Equilibrium requires that the markets

for labour, housing, and investment services clear. I first present the market clearing

conditions for the labour and housing markets before characterising the equilibrium for

the consumption of investment services.
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Labour market clearing requires that the labour employed in the production of the final

good L∗
n
T and in providing investment services L∗

n
I is equal to the population of the

economy L̄, such that

L̄ = L∗
n
T + L∗

n
I (37)

Substituting in the equilibrium employment for investment services in Eq.(26) and rear-

range for L∗
n
T returns the equilibrium employment in final good sector that clears the

market

L∗
n
T = L̄− ΩCn

zn
(38)

An increases in the local productivity (wages) of delivering investment services increases

the wage bill for these firms and encourages more labour to transition into the sector.

Conversely, a decrease in wages would steer more workers into production of the final

good. A similar result occurs as labour becomes less productive relative to materials in

the provision of investment services (Ω); in this case, fewer labour units are required to

turn around the same output and more workers migrate to the final good sector.

In modelling the provision of investment services, I derived the demand equations for

labour and materials within the sector and used these to construct an equation detailing

the price of investment services as function of the price of the respective inputs. The price

of materials derived in Eq.(30) and the prevailing wage for labour derived in Eq.(33) can

now be incorporated to characterise the equilibrium price. Substituting both equations

into the price of investment services in Eq.(27) returns

pn =
zΩnC

1−Ω
1+η
n

λnΩΩ(1 − Ω)
η(1−Ω)
1+η M̄

1−Ω
1+η
n

(39)

The price of investment services increases with the wage paid to labour and with the

budget of the providing firm. Both represent an increase in either the cost, or the use,
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of inputs. An increases in the productivity of providing these services decreases the equi-

librium price for consumers. Incorporating the price of materials now means that the

neighbourhood’s endowment of materials M̄n enters the pricing equation. Neighbour-

hoods with a greater supply offer lower prices to consumers, which depends on both the

elasticity of supply of materials η and on the productivity with which firms transform

them into investment services Ω – for which prices are decreasing in both.

The consumption of investment services in equilibrium depends on property prices which

is a component of the household’s disposable income. Before defining the equilibrium, we

must clear the housing market to determine the equilibrium property price. The market

clears when the housing consumed is equal to that supplied by the neighbourhood H̄n.

H̄n =
∑
i∈n

Hi (40)

Substituting the housing demand equation into the right-hand side of this clearing con-

dition and summing elements at the household-level means I can express prices in terms

of housing supply.43

H̄n =
βi(zn − rnNnh̄− pn

∑
i∈n

1−θµi
n

γn
)

rn
+Nnh̄

By equating the supply and demand for housing, rearranging for property prices rn returns

the price.

rn =
zn
∑

i∈n βi −
pn
γn

∑
i∈n βi(1 − θµin )

H̄n −Nnh̄+ h̄
∑

i∈n βi

Substituting in the equilibrium price of investment services pn gives us the equilibrium

price

rn =

zn
∑

i∈n βi −
zΩnC

1−Ω
1+η
n

γnλnΩΩ(1−Ω)
η(1−Ω)
1+η M̄

1−Ω
1+η
n

∑
i∈n βi(1 − θµin )

H̄n −Nnh̄+ h̄
∑

i∈n βi
(41)

43Constants, such as h̄, are summed by multiplying by the number of households in n.
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The equilibrium price for property in Eq.(41) captures the effect of income and invest-

ment potential in the numerator and the net housing supply of the neighbourhood in the

denominator. An important prediction comes from this condition: that an increase in

the price of investment services causes buyers to increase their price offers for property

exclusively in energy-efficient neighbourhoods. For energy efficient neighbourhoods where

θµin > 1, the sign on numerator flips and turns positive, meaning that prices increase.

Bidding higher for a good as the price increases is not economically rational – unless

movers expect greater investment returns in the most efficient neighbourhoods to recover

the higher property price paid. This matches the predictions from earlier in the chapter,

as well as from the empirical setting in chapter three.

Now I have both the equilibrium price of property and investment services, I can sub-

stitute them into the equation for investment demand in Eq.(22). The equation shows

that investment demand contains a baseline and spillover component arising from the

neighbourhood effect that drives the neighbourhood’s investment potential. For the for-

mer, households invest in line with their preferences; for the latter, they undertake less

investment in neighbourhoods with lesser investment potential. Incorporating the equi-

librium prices for property and investment services allows me to explore their effects on

the consumption of said services. By first incorporating the price of investment, we get

Ii =
γi
(
zn − rnh̄

)
λnΩΩ(1 − Ω)

η(1−Ω)
1+η M̄

1−Ω
1+η

zΩnC
1−Ω
1+η
n

+ (1 − θµin )

(
1 − γi
γi

)

The baseline level of investment is now determined by buyer’s preferences, their income,

and the prevailing market price for housing and investment services. Compared to the

equation for the price of investment services, the numerator and denominator have flipped.

Intuitively, factors that lower prices for the providing firm (on the denominator) increase

the investment demand for the consumer and appear on the numerator – such as the

productivity of providing the services and the endowment of material inputs. The opposite

is true for factors that increase firm prices. Interestingly, prices do not affect the impact

of the neighbourhood effect on investment; this is driven purely by personal preferences

and the investment potential of the neighbourhood. Given that market forces do not
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determine its magnitude, the equation for the neighbourhood effect would suggest that

social norms play a role in propagating investments. I show this by expressing the equation

in terms of the wider neighbourhood preference for investment services. By incorporating

the equilibrium property price, we get the final equilibrium consumption of investment

services

I∗i = γn
z1−Ω
n λnΩΩ(1 − Ω)

η(1−Ω)
1+η M̄

1−Ω
1+η
n

C
1−Ω
1+η
n

(
1 −

h̄
∑

i∈n βi

H̄n −Nnh̄+ h̄
∑

i∈n βi

)
(42)

+
h̄
∑

i∈n βi(1 − θµin )

H̄n −Nnh̄+ h̄
∑

i∈n βi
+ (1 − θµin )

(
1 − γn
γn

)

As preferences for investment services within the neighbourhood increase (γn), buyers

have split preferences between neighbourhoods. Investment in the least-efficient neigh-

bourhoods increases at a decreasing rate, whereas investment in the most-efficient neigh-

bourhoods decreases at a decreasing rate. Part of the household’s investment decisions

are tied to that of their neighbours, as well as prices. This makes conformity a key part

of the model and one which drives the resulting uptake of home improvements.

The consumption of investment services in equilibrium – like in the previous derivations –

reduces with the cost of providing them. However, we now see that an increase in wages

increase the consumption at a rate that depends on the productivity of turning labour

units into investment services (Ω). We also now see that the spillover term depends on

preferences for investment, like before, and on the net supply of housing (H̄n − Nnh̄ +

h̄
∑

i∈n βi). As net supply (and the denominator) increases, the strength of the spillover

on investment dampens – owing to a wider availability of housing on the market that

widens the buyer’s choice set and dampens the need for investment. Taking the derivative

of the consumption of investment services with respect to βi, we see that housing and

investment are substitutes. Buyers divert resources away from investing in their property

when spending a larger share of their income on housing. This is more evident in the

most efficient neighbourhoods and underscores the fact that buyers increase their housing

budget in the expectation of obtaining better quality housing in these locations. As a

result, they purchase the investments made by previous owners that satisfy the investment
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potential.

∂I∗i
∂βi

=

[(
(1 − θµin ) − γn

zn
pn

)(
h̄(H̄n −Nnh̄)

(H̄n −Nnh̄+ h̄
∑

i∈n βi)
2

)]
< 0 (43)

One can see from the derivative that movers – in matching their chosen neighbourhood’s

investment preferences – purchase better quality housing in order to avoid making im-

provements. However, this does not subvert their ability to make improvements as we see

in Eq.(36). It is therefore the case that better quality housing is a substitute to those

investments that allow the mover to attain the investment potential. One can see this

from the inverse relationship between βi and γn inside the derivative.

By characterising the equilibrium of the economy, I conclude three points from the model.

Firstly, property prices are increasing in the energy efficiency of the neighbourhood. Sec-

ondly, this is a result of buyers undertaking levels of investment over-and-above that of

the wider neighbourhood (as dictated by the investment potential). Buyers may attain

this level of investment by consuming investment services or by purchasing housing of

better quality. Finally, these investments are undertaken exclusively in the most efficient

neighbourhoods – dictated by the fact in point two that buyers pay higher prices for prop-

erty exhibiting improvements in these neighbourhoods. Higher levels of investment locally

are observable across the neighbourhood. I now turn my attention towards exploring the

effects of this on the investment levels of the wider neighbourhood.

4.3.6 Never Movers

Given that movers bid higher for property in more energy efficient neighbourhoods in

anticipation of higher returns in such, I now turn my attention to exploring how this

impacts the investment decisions of non-movers. I make three assumptions that differ-

entiate this group from the movers: i) non-movers do not take decisions with respect to

housing, meaning it only enters the household’s budget constraint; ii) they do not ob-

serve the quality of the neighbourhood (as reported through listings in the reduced form

exercise), so neighbourhood effects are observed and not inferred; iii) I assume that the

two groups – movers and non-movers – are mutually exclusive such that households can’t
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transition between groups, allowing me to model decisions separately between the groups

in the same time period. Given that non-movers do not take decisions over housing (and

thereby do not explicitly chase locations delivering greater investment returns), I deviate

from the Stone-Geary functional form that requires households to consume a minimum

housing requirement. I instead model preferences using a Cobb-Douglas functional form

as depicted by Eq.(44)

max
C,I

Unm
it =

(
Cnm
i

ψ

)ψ (
(Inmi )Γi

1 − ψ

)1−ψ

(44)

subject to zn − rnHi = Cnm + pn(Inmi )

Households maximise consumption of the numeraire good and investment services (Inmi )

as in the case of movers, but subject to income after accounting for housing costs. The

Cobb-Douglas set up assumes that the share of household income attributed to consump-

tion of both goods is fixed across locations. This provides a better setting to motivate

how investment differs by neighbourhood as a result of neighbourhood effects. In the em-

pirical setting I show that the price premium paid by movers for efficient neighbourhoods

represent the minimum expected returns from investment, which differs by household,

and which are driven by their attentiveness to energy efficiency scores. I now use the

consumption of investment services by movers to model the investment decisions made

by non-movers. This represents the neighbourhood effect facing non-movers that I show

later transmits through exposure to movers. I define this exposure by taking the equi-

librium consumption of investment services by movers across a neighbourhood in Eq.(42)

and reassigning it to a new variable such that νj = I∗i . One can define the exposure of

non-movers to local investment as

Γi =

J∑
j=1

eδτijνj (45)

Captured by Γi is the distance-weighted sum of all investment services consumed by

one’s neighbours, where distance between non-mover i and neighbour j is measured by τ

(i ̸= j). The importance of distance in determining exposure is captured by δ. Defining
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the neighbourhood effect in such a way captures the fact that proximity to investing

households matters as this allows households to observe the investments made by movers.

Maximising with respect to both goods and rearranging returns the non-mover’s demand

function for investment services.

Inmi =
(1 − ψ)

ψ

(
Γi +

ψ

(1 − ψ)

)
(zn − rnHi)

pn
(46)

Solving for demand returns an equation of two parts. The first denotes how both individ-

ual preferences and the preferences of movers for investment services impact the demand

of non-movers. Demand for investment services increases with the share of income at-

tributed to such activities (1 − ψ) and decreases when more resources are diverted to

consumption of the final good. Consumption also increases with Γ which captures the

distance-weighted sum of investment spending within the neighbourhood. This suggests

that neighbourhood effects are stronger when investments happen close-by or in densely-

population neighbourhoods (as a result of the distance weighting). The second term

provides the level of investment services consumed at baseline by the households. This

reflects the investment undertaken by households regardless of preferences and dependent

only on their disposable income. Incorporating the equilibrium price of investment and

the equilibrium property price into this equation returns

Inmi
∗ =

(1 − ψ)

ψ

(
Γi +

ψ

(1 − ψ)

)
1

H̄n −Nnh̄+ h̄
∑

i∈n βi
(47)

z1−Ω
n λnΩΩ(1 − Ω)

η(1−Ω)
1+η M̄

1−Ω
1+η
n

C
1−Ω
1+η
n

(
H̄n −Nnh̄+ h̄

∑
i∈n

βi −Hi

∑
i∈n

βi

)
+
Hi

γn

(∑
i∈n

βi(1 − θµin )

)
which represent the equilibrium consumption of investment services for non-movers. In-

vestment increases with the share of income devoted to consuming investment services

(1 − ψ) and decreases as households divert resources towards consuming the final good.

Investment also increases as household income increases. Like before, I observe the same

relationship whereby reductions in the price of purchasing investment services increase

their uptake; this is unrelated to energy efficiency. The equation provides the same con-

clusion for both movers and non-movers: that overall levels of investment are lower in the
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most efficient neighbourhoods that have the lowest investment potential. For non-movers,

this is expected, as it is unlikely that they are aware of energy efficiency scores across their

neighbourhood; this information is more available to buyers who find it reported in prop-

erty listing adverts. The neighbourhood effect does not operate through this channel.

Instead, the consumption of investment services among non-movers is actually driven by

their exposure to the same services consumed by movers (Γi), such that

∂Inmi
∗

∂Γi
> 0 (48)

The neighbourhood effect therefore operates through the exposure to movers and the

extra investments they undertake in the most efficient neighbourhoods as opposed to some

intrinsic characteristic of the neighbourhoods themselves. This matches the findings of

chapter three in which I show that exposure to movers over time induces non-movers (with

no ex-ante preferences for energy efficiency) to make their own improvements. Finally, I

can show that the effect of exposure on the consumption of investment services is driven

by both the price of the services and a social norm by taking its derivative with respect

to the neighbourhood’s preferences for investment

∂Γi
∂γn

=
z1−Ω
n λnΩΩ(1 − Ω)

η(1−Ω)
1+η M̄

1−Ω
1+η
n

C
1−Ω
1+η
n

(
H̄n −Nnh̄

H̄n −Nnh̄+ h̄
∑

i∈n βi

)
− 1 − θµin

γ2n
(49)

This social norm is most evident in the most efficient neighbourhoods as it requires non-

movers to conform with their neighbours and undertake higher levels of expenditure on

investment services. The model then demonstrates that the increased incidence of home

improvements evidenced in the reduced form analysis as a result of exposure are driven

by households wanting to keep up with their neighbours.

In this model I show that movers with preferences for energy efficiency purchase property

in the most efficient neighbourhoods and pay a premium for the privilege. This premium

reflects the expectation that such neighbourhoods deliver higher returns to investment

– as movers observe higher prices in these neighbourhoods prior to purchasing. Movers

purchase housing in neighbourhoods for which their preferences for investment match
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those of the other occupants; implying that buyers must attain a minimum investment

standard dictated by the neighbourhood’s potential. Derivations from the model show

that returns come from investment made after this condition has been satisfied. One’s

choice of peers is therefore important in determining location decisions and the resulting

property price. By design, this influences location decisions as movers chase higher re-

turns. Movers choose a location and the level of investment services to consume, which are

both observed by non-movers. Exposure to this investment activity induces non-movers

to undertake their own investments through conformity to the social norm of the neigh-

bourhood (alternatively referred to as ”keeping up with the Joneses”). I finally show that

this level of conformity is higher in the most energy-efficient neighbourhoods – thereby

confirming that these locations foster the highest levels of investment.

4.4 Conclusion

Little is known about how the demand for investment services ex-ante impacts household

property bids. Standard intuition would suggest that buyers discount their bids in expec-

tation of financing greater investments – as chapter two would confirm. I contribute to

the literature in this chapter by producing a theoretical approach to thinking about this,

from which I document three findings. Firstly, movers do indeed lower their property bids

in order to finance the investments that align them with their neighbours; but that they

increase their bids to finance investments beyond these. Secondly, I am able to pin down

the mechanism behind this to the neighbourhood effect that means movers pay higher

prices for property as they chase higher returns on their investments in energy efficient

neighbourhoods. Higher prices in these locations means that these further investments

are exclusive to the most efficient neighbourhoods. Finally, I show that the investments

undertaken by movers create a neighbourhood effect that induce non-movers to undertake

their own investments. Using the market clearing conditions from the model to charac-

terise the equilibrium of the economy, I am able to show that this neighbourhood effect

works through increased exposure to investments made locally as never-movers observe

that decisions taken by movers. Findings from the model confirm those of the empirical

exercises in chapters two and three, suggesting that the presence of neighbourhood effects
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alters household incentives with regards to housing investment and the resulting property

bids. This would suggest that the model behaves well and that it captures the decisions

that buyers would make in the neighbourhoods that represent a good match for their

investment preferences.

The theoretical foundations of this chapter raises some interesting policy questions. Find-

ings from the model show that neighbourhoods with higher levels of energy efficiency

receive greater investment and draw higher property prices as a result of the neighbour-

hood effect. As we continue to understand the dynamics driving these effects, we must

design effective policies that maximise the positive externalities associated with neigh-

bourhood effects that can propagate benefits across cities and beyond the most efficient

neighbourhoods. We must also recognise that such effects induce negative externalities in

the form of higher prices as households face being priced out of certain markets. Future

policy aiming to maximise the benefits of these investments should be mindful of the

potentially negative welfare effects. Beyond the final benefits to households, future policy

should explore different approaches to streamlining the delivery of investment services.

The model shows that the price of such services fall with the productivity of their de-

livery and with decreases in the cost of inputs. Lowering the price is shown to increase

investment across all neighbourhoods and would thereby allow neighbourhoods that are

less efficient to catch up in terms of residential energy efficiency. Streamlining the service

would also help reduce other barriers to energy efficiency investments, such as information

asymmetries, home-life disruption, and concerns over returns to investment.

Finally, the model presented in this chapter provides a setup that can be applied across

a range of topics in the energy literature. In the residential energy efficiency literature,

for example. While I remain agnostic about the precise investments undertaken, one

could indeed incorporate into the model specific investments that affect property prices

by remodelling the supply of materials. A wide variety of papers explore the investments

made by households into energy durables, such as air conditioning units (Dubin and D. L.

McFadden, 1984; L. W. Davis et al., 2014), solar PV (Bollinger and Gillingham, 2012;
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Bigler and Janzen, 2023), and home appliances (Carroll et al., 2016; Kallbekken et al.,

2013), but mainly focus on the energy efficiency savings of such investments. In modifying

this model, future research could explore the implications that such adoptions have on

household’s future adoptions and on the prices of these properties. The model itself, with

simplifying assumptions, could be quantified, opening up further research possibilities.

A secondary strand of literature could use this model to explore – on the back of this

adoption of durables – the willingness-to-pay of specific households for properties with

more energy efficient appliances/technologies. Previous work has considered the barriers

to their adoption (Hausman, 1979; Metcalf and Hassett, 1999; Ansar and Sparks, 2009)

– but purchasing properties with such technologies removes these barriers and presents

a better case study. In tweaking the model slightly to consider ex-post investments, this

could provide an interesting research question.

201



4.5 Derivations

4.5.1 Household Demand Functions

I start by deriving the household’s demand functions for the final good, investment ser-

vices, and housing. Setting the maximisation problem up as a Lagrangian using the utility

function in Eq.(18) returns

Lg = Cαi
i

(
Hi − h̄

)βi (Ii − 1 − θµin
γn

)γi
+ λ(wi − Ci − rnHi − pnIi)

For simplicity of notation, let us define χ = 1−θµin

γn
. Taking the derivative of the Lagrangian

with respect to each good returns the first order conditions

1)
∂Lg

∂Ci
= αiC

αi−1
i (Hi − h̄)βi(Ii − χ)γi − λ = 0

2)
∂Lg

∂Hi

= βiC
αi
i (Hi − h̄)βi−1(Ii − χ)γi − λrn = 0

3)
∂Lg

∂Ii
= γiC

αi
i (Hi − h̄)βi(Ii − χ)γi−1 − λpn = 0

One obtains the demand functions by finding expressions for two out of the three variables,

substituting into the constraint, and expressing the constraint in terms of the one unknown

good. In this case, I first find expressions for housing and investment services by dividing

1)/2) and dividing 1)/3), such that we get
∂UM

i /∂Ci

∂UM
i /∂Hi

and
∂UM

i /∂Ci

∂UM
i /∂Ii

, respectively. This returns

Hi =
βiCi
αirn

+ h̄ and Ii =
γiCi
αipn

+ χ

Substituting into the budget constraint and simplifying means that the constraint becomes

wi = Ci

(
1 +

βi
αi

+
γi
αi

)
+ rnh̄+ pnχ

Which, when rearranged for Ci, becomes

Ci =
αi(wi − rnh̄− pnχ)

αi + βi + γi
= αi(wi − rnh̄− pnχ)
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I obtain this as a result of the parameters summing to unity. Substituting this into the

demand equations for investment services and housing returns the final demand functions

from the chapter in Eq.(20).

Ci = αi(wi − rnh̄− pnχ)

Hi − h̄ =
βi(wi − rnh̄− pnχ)

rn

Ii − χ =
γi(wi − rnh̄− pnχ)

pn

4.5.2 Rewriting Investment Demand

Substituting χ back into the demand for investment services, one can rewrite this as

Ii −
(

1 − θµin
γn

)
=
γi

(
wi − rnh̄− pn

(
1−θµin

γn

))
pn

Ii =
γi
(
wi − rnh̄

)
pn

+

(
1 − θµin
γn

)
− γ

(
1 − θµin
γn

)

Which, after grouping the components on the right-hand-side of the equation containing

common terms, one can use to obtain the demand for investment services in Eq.(22)

Ii =
γi
(
wi − rnh̄

)
pn

+ (1 − θµin )

(
1 − γi
γi

)

4.5.3 Deriving the Supply of Investment Services

Firms supply investment services according to the following zero profit condition from

Eq.(24)

π = pnλnL
I
n

Ω
M1−Ω

n − Pm
n Mn − wnL

I
n = 0
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Taking first order conditions of the zero profit condition with respect to both inputs

∂π

∂LIn
= ΩpnλnL

I
n

Ω−1
M1−Ω

n − wn = 0

∂π

∂Mn

= (1 − Ω)pnλnL
I
n

Ω
M−Ω

n − pmn = 0

and dividing the conditions by each other, one can rearrange to return the following

identity

Mn

LIn
=

1 − Ω

Ω

wn
pmn

Rearranging for the materials term and substituting into the budget constraint allows me

to recover an equation describing the demand for labour

Ci = Pm
n

(
1 − Ω

Ω

wn
pmn
LIn

)
+ wnL

I
n

Ci =

(
1 − Ω

Ω
wnL

I
n

)
+ wnL

I
n

L∗I
n =

ΩCi
wn

Rearranging the same identity from Eq.(25) for materials and substituting into it the

demand for labour equation, I recover an equation describing the demand for materials

M∗
n =

1 − Ω

Ω

wn
pmn
L∗I
n

M∗
n =

1 − Ω

Ω

wn
pmn

ΩCi
wn

M∗
n =

(1 − Ω)Ci
pmn
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I use the demand equations for labour and materials to get an expression for the price of

investment. Taking the first order condition for labour and rearranging

wn = Ωpnλn

(
M∗

n

L∗I
n

)1−Ω

pn =
wn

Ωλn

(
L∗I
n

M∗
n

)1−Ω

pn =
wn

Ωλn

(
Ωpmn

(1 − Ω)wn

)1−Ω

I simplify the exponents and return an equation describing the price of investment services

supplied by firms from Eq.(27)

pn =
wΩ
n

λnΩΩ(1 − Ω)1−Ω
(pmn )1−Ω

4.5.4 Deriving the Equilibrium Price of Investment Services Inputs

The price for investment services remains endogenous in both the price of labour and

materials. Taking the supply of materials in Eq.(28) and setting it equal to demand

returns the equilibrium price of materials

M̄n(pmn )η =
(1 − Ω)Cn

pmn

(pmn )1+η =
(1 − Ω)Cn

M̄n

pmn =

[
(1 − Ω)Cn

M̄n

] 1
1+η

Deriving the Equilibrium Price of Labour

Full derivations included in the main chapter

4.5.5 Deriving the Change in Equilibrium Property Prices

I now set out the derivations to obtain the changes in property price resulting from

changes in both investment and neighbourhood energy efficiency. I know from the demand
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functions in Eq.(20) that housing demand takes the form

Hi =
βi(wi − rnh̄− pn

1−θµin

γn
)

rn
+ h̄

To show that the housing demand function behaves as normal – i.e. is downward sloping –

I take the derivative of this with respect to prices rn. This requires the use of the product

rule, as the housing demand equation is a product of prices, such that

βi

(
wi − rnh̄− pn

1 − θµin
γn

)
︸ ︷︷ ︸

f(x)

g(x)︷︸︸︷
r−1
n +h̄

Taking the derivative returns a negative equation, showing that demand is downward

sloping in price

∂Hi

∂rn
= f ′(x)g(x) + f(x)g′(x) = −βih̄r−1 − βi

(
zn − rnh̄− pn

(
1 − θµin
γn

))
r−2
n

To see how prices respond to investment and energy efficiency, I rearrange the investment

demand above in terms of investment potential

Ii =
γi
(
wi − rnh̄

)
pn

+ (1 − θµin )

(
1 − γi
γi

)
=
γi
(
wi − rnh̄

)
pn

+
(1 − θµin )

γi
− γi(1 − θµin )

γi

Simplifying this further returns

pnIi = γi
(
wi − rnh̄

)
+ pn

(1 − θµin )

γi
− pn(1 − θµin )

pn
(1 − θµin )

γi
= pnIi − γi

(
wi − rnh̄

)
+ pn(1 − θµin )
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This can the be substituted into the housing demand equation and simplified to obtain

Eq.(34)

Hi =
βi(zn − rnh̄− pnIi + γi

(
zn − rnh̄

)
− pn(1 − θµin ))

rn
+ h̄

Hi =
βi(zn − pnIi + γizn − pn(1 − θµin ))

rn
+ h̄− βirnh̄

rn
− βiγirnh̄

rn

Hi =
βi(zn + (γizn − pnIi) − pn(1 − θµin ))

rn
+ h̄(1 − βi(1 + γi))

Taking the derivative with respect to both investment and the neighbourhood energy

efficiency returns the conditions from Eq.(35)

∂Hi

∂Ii
= −βpn

rn
< 0

∂Hi

∂θn
= µi

βpn
rn

θµi−1
n > 0

4.5.6 Characterising Equilibrium: Investment Services Price

The price of investment services in Eq.(27) is endogenous in both the prices of materials

and labour. After substituting in for the price of both labour and material inputs, I get

pn =
wΩ
n

λnΩΩ(1 − Ω)1−Ω
(pmn )1−Ω

pn =
zΩn

λnΩΩ(1 − Ω)1−Ω

([
(1 − Ω)Cn

M̄n

] 1
1+η

)1−Ω

pn =
zΩn

λnΩΩ(1 − Ω)1−Ω
((1 − Ω)Cn)

1−Ω
1+η M̄

− 1−Ω
1+η

n
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The only common term in the equation is (1 − Ω), for which the indices become

(1 − Ω)Ω−1.(1 − Ω)
1−Ω
1+η

(1 − Ω)
(1+η)(Ω−1)

1+η (1 − Ω)
1−Ω
1+η

(1 − Ω)
Ω−1+Ωη−η

1+η
+ 1−Ω

1+η

(1 − Ω)
Ωη−η
1+η

(1 − Ω)
η(Ω−1)
1+η

One can then solve for the equilibrium price of investment services from Eq.(39)

pn =
zΩnC

1−Ω
1+η
n

λnΩΩ(1 − Ω)
η(1−Ω)
1+η M̄

1−Ω
1+η
n

4.5.7 Characterising Equilibrium: Property Price

The market clearing condition H̄n =
∑

i∈nHi requires that the supply of housing is equal

to that demanded within a neighbourhood. Knowing that demand was derived in Eq.(20),

I substitute this into the clearing condition and sum over all variables determined at the

household-level

Hi =
βi(zn − rnh̄− pn

1−θµin

γn
)

rn
+ h̄

H̄n =
zn
∑

i∈n βi − rnh̄
∑

i∈n βi −
pn
γn

∑
i∈n βi(1 − θµin )

rn
+Nnh̄
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For constant terms, I denote by Nn the number of households in neighbourhood n. This

equation can be manipulated to achieve the final property price

rnH̄n = zn
∑
i∈n

βi − rnh̄
∑
i∈n

βi −
pn
γn

∑
i∈n

βi(1 − θµin ) + rnNnh̄

rnH̄n − rnNnh̄+ rnh̄
∑
i∈n

βi = zn
∑
i∈n

βi −
pn
γn

∑
i∈n

βi(1 − θµin )

rn(H̄n −Nnh̄+ h̄
∑
i∈n

βi) = zn
∑
i∈n

βi −
pn
γn

∑
i∈n

βi(1 − θµin )

rn =
zn
∑

i∈n βi −
pn
γn

∑
i∈n βi(1 − θµin )

H̄n −Nnh̄+ h̄
∑

i∈n βi

The equilibrium price is obtained after substituting in the price of investment services –

returning Eq.(41). The full derivation is available within the chapter.

4.5.8 Characterising Equilibrium: Investment Services

Now I have obtained the equilibrium price for both investment services and property, I use

this to produce a formula for the services consumed in the market. I start by substituting

in property prices for ease of representation.

Ii =
γi
(
zn − rnh̄

)
pn

+ (1 − θµin )

(
1 − γi
γi

)

Ii =
γi
pn

(
zn −

(
zn
∑

i∈n βi −
pn
γn

∑
i∈n βi(1 − θµin )

H̄n −Nnh̄+ h̄
∑

i∈n βi

)
h̄

)
+ (1 − θµin )

(
1 − γi
γi

+

)

Ii = γi

(
zn
pn

−
znh̄

∑
i∈n βi

pn(H̄n −Nnh̄+ h̄
∑

i∈n βi)
+

pnh̄
∑

i∈n βi(1 − θµin )

γipn(H̄n −Nnh̄+ h̄
∑

i∈n βi)

)
+ (1 − θµin )

(
1 − γi
γi

)

Ii = γi
zn
pn

(
1 −

h̄
∑

i∈n βi

(H̄n −Nnh̄+ h̄
∑

i∈n βi)

)
+

h̄
∑

i∈n βi(1 − θµin )

(H̄n −Nnh̄+ h̄
∑

i∈n βi)
+ (1 − θµin )

(
1 − γi
γi

)
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Substituting the equilibrium price of investment services into this equation leaves me with

the consumption of investment services in equilibrium from Eq.(42)

I∗i = γn
z1−Ω
n λnΩΩ(1 − Ω)

η(1−Ω)
1+η M̄

1−Ω
1+η
n

C
1−Ω
1+η
n

(
1 −

h̄
∑

i∈n βi

H̄n −Nnh̄+ h̄
∑

i∈n βi

)

+
h̄
∑

i∈n βi(1 − θµin )

H̄n −Nnh̄+ h̄
∑

i∈n βi
+ (1 − θµin )

(
1 − γn
γn

)

One can now see that investment is dictated by a neighbourhood’s energy efficiency level,

weighted both in terms of preferences for investment services γi and housing βi.

I then take the derivative with respect to the latter to obtain ∂Ii
∂βi

to obtain Eq.(43).

This shows how the demand for investment services responds to an increase in household

preferences for housing. I simplify the equation by replacing the equation with pn and

simplifying the notation of the terms containing βi

I∗i = γn
zn
pn

(
1 − U

V

)
+
U(1 − θµin )

V
+ (1 − θµin )

(
1 − γn
γn

)

Such that U = h̄
∑

i∈n βi and V = H̄n − Nnh̄ + h̄
∑

i∈n βi. For the purposes of the

derivation, I then only require the terms containing βi

I∗i = γn
zn
pn

(
1 − U

V

)
+
U(1 − θµin )

V

I take the derivative using the quotient rule U ′V−UV ′

V 2 , knowing that

U ′ = V ′ = h̄

Taking the derivatives of the individual terms

∂

∂βi

[
γn
zn
pn

(
1 − U

V

)]
= γn

zn
pn

(
−U

′V − UV ′

V 2

)
∂

∂βi

[
U(1 − θµin )

V

]
= (1 − θµin )

(
U ′V − UV ′

V 2

)
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Combining them together, I obtain

∂I∗i
∂βi

= γn
zn
pn

(
− h̄V − Uh̄

V 2

)
+ (1 − θµin )

(
h̄V − Uh̄

V 2

)
∂I∗i
∂βi

= γn
zn
pn

(
−
h̄(H̄n −Nnh̄+ h̄

∑
i∈n βi) − h̄2

∑
i∈n βi

(H̄n −Nnh̄+ h̄
∑

i∈n βi)
2

)

+ (1 − θµin )

(
h̄(H̄n −Nnh̄+ h̄

∑
i∈n βi) − h̄2

∑
i∈n βi

(H̄n −Nnh̄+ h̄
∑

i∈n βi)
2

)

This can then be simplified to become

∂I∗i
∂βi

= γn
zn
pn

(
− h̄(H̄n −Nnh̄)

(H̄n −Nnh̄+ h̄
∑

i∈n βi)
2

)
+ (1 − θµin )

(
h̄(H̄n −Nnh̄)

(H̄n −Nnh̄+ h̄
∑

i∈n βi)
2

)

Such that ∂Ii
∂βi

< 0. I finally simplify the equation by grouping the common term which

appears in parentheses to express the derivative as

∂I∗i
∂βi

=

(
(1 − θµin ) − γn

zn
pn

)(
h̄(H̄n −Nnh̄)

(H̄n −Nnh̄+ h̄
∑

i∈n βi)
2

)

4.5.9 Non-Movers’ Demand for Investment Services

I now turn to deriving the demand for investment services for non-movers. Non-movers

take decisions over the consumption of the final good and of investment services. Given

that they do not take decisions over housing, I exclude this from optimisation, but include

housing spend within the budget constraint. Setting up the maximisation problem as a

Lagrangian using the utility function in Eq.(44) returns

Lg =

(
Cnm
i

ψ

)ψ (
(Inmi )Γi

1 − ψ

)1−ψ

+ λ (zn − Cnm
i − rnHi − pnI

nm
i )
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Taking the derivative of this with respect to the final good and investment services returns

the first order conditions

1)
∂Lg

∂Cnm
i

=
ψ
(
Cnm

i

ψ

)(
(Inm

i )Γi

1−ψ

)1−ψ
Cnm
i

− λ = 0

2)
∂Lg

∂Inmi
=

(
Cnm

i

ψ

)
Γi(I

nm
i )Γi−1(

(Inm
i )Γ

1−ψ

)ψ − λpn = 0

One obtains the demand functions by dividing first order condition 1) by 2) and expressing

the constraint in terms either good. Doing so returns the following in terms of Inmi

Inmi =
Cnm
i (1 − ψ)Γi

ψpn

Substituting into the budget constraint and simplifying means that the constraint becomes

ψ(zn − rnHi) = Cnm
i (ψ + Γi − ψΓi)

Which, when rearranged for Ci, becomes

Cnm
i = (zn − rnHi) +

ψ(zn − rnHi)

(1 − ψ)Γi

Substituting this back into the equation for Inmi – which is currently in terms of Ci – I

obtain the demand for investment services

Inmi =

(
(zn − rnHi) + ψ(zn−rnHi)

(1−ψ)Γi

)
(1 − ψ)Γi

ψpn

Inmi =
(zn − rnHi)(1 − ψ)Γi + ψ(zn − rnHi)

ψpn

Inmi =
(zn − rnHi)(1 − ψ)Γi

ψpn
+

(zn − rnHi)

pn

Inmi =
(1 − ψ)

ψ

Γi(zn − rnHi)

pn
+

(zn − rnHi)

pn
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In previously characterising the model, I determined equilibrium values for pn and rn. I

now substitute in these values and solve for the equilibrium consumption of investment

services among non-movers. For the simplification of notation, I only show the substitu-

tion for the term Γi(zn−rnHi)
pn

, given that the same substitution will hold true for the rest

of the equation
(
zn−rnHi

pn

)
. Like before, I first substitute in for property prices for ease of

presentation

Inmi =

Γi

(
zn −

(
zn

∑
i∈n βi−

pn
γn

∑
i∈n βi(1−θ

µi
n )

H̄n−Nnh̄+h̄
∑

i∈n βi

)
Hi

)
pn

Again, for the ease of notation, let us make some substitutions such that U =
∑

i∈n βi(1−

θµin ) and V = H̄n −Nnh̄ + h̄
∑

i∈n βi. We can then rewrite the equation in a format that

is easier to read

Inmi =
Γi
pn

(
zn −

(
zn
∑

i∈n βi −
pn
γn
U

V

)
Hi

)

Inmi =
Γi
pn

((
V zn −Hizn

∑
i∈n βi +Hi

pn
γn
U

V

))

Inmi =
Γi
V pn

(
V zn −Hizn

∑
i∈n

βi +Hi
pn
γn
U

)

Inmi =
Γizn
V pn

(
V −Hi

∑
i∈n

βi

)
+

Γi
V γn

(HiU)

Substituting back into the equation the values U and V , I get

Inmi =
Γizn

(H̄n −Nnh̄+ h̄
∑

i∈n βi)pn

(
H̄n −Nnh̄+ h̄

∑
i∈n

βi −Hi

∑
i∈n

βi

)

+
ΓiHi

(H̄n −Nnh̄+ h̄
∑

i∈n βi)γn

(∑
i∈n

βi(1 − θµin )

)

One can simplify this and add the ratio of preferences (1−ψ)
ψ

to become

Inmi =
(1 − ψ)

ψ

Γi
H̄n −Nnh̄+ h̄

∑
i∈n βi

(
zn
pn

(
H̄n −Nnh̄+ h̄

∑
i∈n

βi −Hi

∑
i∈n

βi

)
+
Hi

γn

(∑
i∈n

βi(1 − θµin )

))
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In making the same substitution of property prices into the term
(
zn−rnHi

pn

)
and under-

taking the same steps, I obtain a similar solution, but without the ratio of preferences or

the degree of exposure parameter

Inmi =
1

H̄n −Nnh̄+ h̄
∑

i∈n βi

(
zn
pn

(
H̄n −Nnh̄+ h̄

∑
i∈n

βi −Hi

∑
i∈n

βi

)
+
Hi

γn

(∑
i∈n

βi(1 − θµin )

))

Combining the two expressions returns the consumption of investment services by non-

movers in equilibrium

Inmi =
(1 − ψ)

ψ

Γi
H̄n −Nnh̄+ h̄

∑
i∈n βi

(
zn
pn

(
H̄n −Nnh̄+ h̄

∑
i∈n

βi −Hi

∑
i∈n

βi

)
+
Hi

γn

(∑
i∈n

βi(1 − θµin )

))

+
1

H̄n −Nnh̄+ h̄
∑

i∈n βi

(
zn
pn

(
H̄n −Nnh̄+ h̄

∑
i∈n

βi −Hi

∑
i∈n

βi

)
+
Hi

γn

(∑
i∈n

βi(1 − θµin )

))

Which one can simplify to write in the following manner

Inmi =
(1 − ψ)

ψ

(
Γi +

ψ

(1 − ψ)

)

1

H̄n −Nnh̄+ h̄
∑

i∈n βi

(
zn
pn

(
H̄n −Nnh̄+ h̄

∑
i∈n

βi −Hi

∑
i∈n

βi

)
+
Hi

γn

(∑
i∈n

βi(1 − θµin )

))

Finally, by substituting in the equilibrium price of investment services, I obtain the equa-

tion in its final form

Inmi
∗ =

(1 − ψ)

ψ

(
Γi +

ψ

(1 − ψ)

)
1

H̄n −Nnh̄+ h̄
∑

i∈n βiz1−Ω
n λnΩΩ(1 − Ω)

η(1−Ω)
1+η M̄

1−Ω
1+η
n

C
1−Ω
1+η
n

(
H̄n −Nnh̄+ h̄

∑
i∈n

βi −Hi

∑
i∈n

βi

)
+
Hi

γn

(∑
i∈n

βi(1 − θµin )

)
In the chapter I show that the neighbourhood effect – captured by exposure to the in-

vestments undertaken by movers – has a positive effect on the consumption of investment

services by non-movers in equilibrium. I show that this neighbourhood effect is greater in

neighbourhoods with greater preferences for investment services by taking the derivative

of the exposure term Γi with respect to investment preferences γi from Eq.(49). I mea-
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sure non-mover’s distance-weighted exposure to investment services consumed by movers

in accordance with the following equation

Γi =

J∑
j=1

eδτijνj

where νj captures the consumption of investment services, and the only differentiable

term with respect to investment preferences, such that

νj = Γi = γn
z1−Ω
n λnΩΩ(1 − Ω)

η(1−Ω)
1+η M̄

1−Ω
1+η
n

C
1−Ω
1+η
n

(
1 −

h̄
∑

i∈n βi

H̄n −Nnh̄+ h̄
∑

i∈n βi

)

+
h̄
∑

i∈n βi(1 − θµin )

H̄n −Nnh̄+ h̄
∑

i∈n βi
+ (1 − θµin )

(
1 − γn
γn

)

Taking the derivative of this then returns

∂Γi
∂γi

=
z1−Ω
n λnΩΩ(1 − Ω)

η(1−Ω)
1+η M̄

1−Ω
1+η
n

C
1−Ω
1+η
n

(
1 −

h̄
∑

i∈n βi

H̄n −Nnh̄+ h̄
∑

i∈n βi

)
− 1 − θµin

γ2n

I then simplify inside the parentheses by setting the term 1 to have a common denominator

∂Γi
∂γi

=
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n λnΩΩ(1 − Ω)

η(1−Ω)
1+η M̄

1−Ω
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n
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−

h̄
∑

i∈n βi
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)
− 1 − θµin

γ2n

Which, when simplified, returns the final equation

∂Γi
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)
− 1 − θµin

γ2n
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5 Conclusion

Using advanced econometric techniques and theoretical methods applied to data on energy

efficiency characteristics and property transactions, this thesis contributes to the litera-

ture by exploring the spatial implications of residential energy efficiency improvements on

urban property markets. The UK provides an interesting case study for empirical study

given its notoriously old housing stock. Growing urbanisation worldwide and the push to

achieve Net Zero targets makes this research not only interesting, but important as we

strive to lower carbon emissions.

Chapter two explores the implications that residential energy efficiency investments have

on urban property prices. The literature predominantly explores how prices respond to

changes in current energy efficiency scores. Ex-ante, this appears a simplistic approach

that neglects buyer’s valuation of the future benefits attributed to such improvements

in favour of those realised in the present. This chapter proposes a new definition that

I term unrealised efficiency, which measures the distance between a property’s current

and potential score. One’s distance to potential determines their prospects for investment

and captures how buyers value moving closer to their potential (hence, their future gains).

Chapter three investigates the role of neighbourhood effects in driving location-specific

property premia and propagating energy efficiency improvements. Leveraging energy ef-

ficiency data reported in property listing adverts, I explore the implications on property

prices in locations with clusters of highly-efficient properties. Specifically, whether buyers

pay a premium to locate in efficient property clusters and for what benefit. Evidence of

a premium infers that we observe residential selection. I exploit this to test for the pres-

ence of neighbourhood effects in improvements owing to household’s exposure to other

selecting households, and to test the magnitude of these effects.

Chapter four then presents a theoretical model that rationalises the findings from the

previous chapter. Residential selection creates a new spatial equilibrium within a city

as residential moves induce spatial shifts in preferences. I develop a spatial, one-period
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model of moving and non-moving households. For the former, I explore the implications

for property prices and household location decisions of ex-ante demand for investment

services (used to undertake home improvements) in the presence of neighbourhood effects.

For the latter, I explore how exposure to residential selection decisions of movers affect

their demand for investment services. The model incorporates the neighbourhood effect

to specifically rationalise how the impacts deviate from that of the expected response

found in chapter two.

5.1 Summary of the Findings

Chapter two estimates how increases in unrealised efficiency are capitalised into property

prices, while the literature exclusively focuses on current efficiency. The two rates differ

in what they measure. Current capitalisation estimates the value buyers place on the

energy efficiency improvements undertaken by previous owners. Unrealised capitalisation

estimates the value buyers place on the same improvements when they have not yet been

undertaken. The latter explores household myopia by estimating the value placed on fu-

ture energy efficiency gains. I first estimate the current capitalisation rate (for means of

comparison) by following the literature with regards to the menu of control variables and

fixed effects. Doing so returns a capitalisation rate of 1.3%, which falls in line with other

prominent studies. Estimates for the unrealised capitalisation rate are much lower, around

-0.15%, reflecting the discount buyers apply to undertake further improvements. Compar-

ing the two shows that buyers place a lower value on undertaking their own improvements,

explaining the limited uptake of retrofitting. Estimates from a set of heterogeneity anal-

yses show that this discount is greater for more invasive (disruptive) improvements and

when improvements are required within the property. Furthermore, buyers discount prop-

erty prices more when the property’s potential efficiency is more attainable. Uncertainty

around the financial returns to home improvements drive this result and explain why

households do not invest in retrofitting.

Chapter three explores the role of neighbourhood effects in energy efficiency improvements

and the impact one’s peers have on property prices. To the best of my knowledge, this is
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the first study to explore the hyperlocal effect on property prices arising from residential

energy efficiency improvements that are driven by neighbourhood effects. Peer groups

are defined based on the proximity and similarity in energy efficiency scores by leverag-

ing data from property listings from across the London TTWA. After identifying clusters

of energy-efficient properties, results from a spatial RD show that buyers pay a 1.6%

(£6,100) premium to locate in these property clusters over-and-above locations on the

periphery. This reflects buyers’ expectations that these efficient clusters deliver higher

returns to investment and suggests that the households selecting into these properties

have preferences for energy efficiency. Residential sorting of this kind is exogenous and

introduces incumbent households to new preferences. Using this variation to instrument

for new improvements, I show that buyers are actually paying for the improvements un-

dertaken in these efficient clusters and not location in the clusters themselves. Changes

in local preferences induce households to make further improvements through neighbour-

hood effects as they learn from those undertaken by selecting households.

Chapter four develops a unique theoretical model to explain these results. The model com-

prises two mutually exclusive types of household – movers and non-movers. Both take

decisions over the level of housing investment to undertake, while the latter also takes

decisions over housing. Buyers have Stone-Geary preferences for a numeraire good, hous-

ing and housing investment; the latter of which is determined relative to an investment

incentive that varies according to their chosen neighbourhood’s energy efficiency. This

acts as the neighbourhood effect which restricts buyers to neighbourhoods that provide a

suitable match for their preferences for investment. Housing demand and therefore equi-

librium prices are shown to be a positive function of this neighbourhood effect, suggesting

that buyers pay more to locate in efficient property clusters. As a result, buyers expect

higher returns to their investments and pay higher prices to access these. Non-movers

have Cobb-Douglas preferences for a numeraire good and investment services, the latter

being a function of the investments undertaken nearby. Results from the optimisation

show that these households demand greater levels of housing investment when they are

located in clusters. Households invest according to their own preferences, but are subject
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to a peer effect that induces further demand.

5.2 Policy Implications

This thesis provides a set of unique results informing policymakers of the impacts of res-

idential energy efficiency investments on urban property markets. While there is positive

evidence that energy efficiency improvements are being undertaken within urban environ-

ments, there is still a long way to go. The aim of the three chapters is to provide evidence

that can be used to better understand the challenges facing mass retrofitting.

Chapter two presents evidence that energy efficiency improvements are capitalised into

property prices, but that the incentive to undertake improvements is constrained by un-

certainty with regards to the returns on investment. Previous attempts to encourage

households to make energy efficiency improvements fell short. The Green Deal – funding

residential improvement works through a loan payback scheme – only financed improve-

ments in 10,000 households. Similar programmes targetting low-income households have

been more successful, like the Energy Company Obligation (ECO) scheme which provided

heating and insulation services to over 1.9m households between 2013 and 2018 (The De-

partment of Business and Strategy, 2019). Like the findings from this chapter, one can

draw the conclusion that households are less likely to make improvements when they

have to foot a substantial bill, as evidenced by the price discount on unrealised efficiency.

This points to the idea of uncertainty in the returns to such improvements. Furthermore,

findings from this chapter suggest that households are less willing to make improvements

within their properties that require changes to their daily lifestyles. Moving forward, pol-

icy should be tailored towards providing support that addresses this shortcoming and that

delivers greater energy efficiency benefits. Results from this chapter could provide strong

evidence to support future policy in reducing the information barrier and providing fur-

ther clarity to households about the returns to undertaking energy efficiency investments.

Chapters three and four are linked and provide evidence of both the benefits and draw-

backs of residential energy efficiency investments. Results from the chapters provide
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evidence of neighbourhood effects in improvements benefitting households exposed to

those with preferences for energy efficiency. Though this is an advantage, the scope of

these effect are likely to be contained within small geographic areas. While the afore-

mentioned policies are tailored for different income groups, policy should also be designed

and tailored for different groups geographically. The ECO scheme provides a taste of

this by delivering funds to be appropriated by local districts. Poor uptake of national

funding schemes suggests that only those with preferences for energy efficiency take up

the offer, meaning funds devolved to districts should be distributed in a way that max-

imises spillovers on an intra-district basis. Evidence from this chapter would suggest that

policy should target households in-and-around efficient property clusters to induce such

spillovers. Another concern arising from these chapters is the impact on property prices

in these areas. Non-negligible premia paid for properties within efficient clusters runs the

risk of pricing households out of these markets and shifting the spatial equilibrium within

cities. Increasing urbanisation rates accompanied by the necessity to retrofit en-masse

make this an ever-present concern that needs to be addressed.

5.3 Limitations and Future Research

While the chapters contained within this thesis provide a starting point in exploring the

spatial implications of residential energy efficiency improvements, they are by no means

exhaustive. Below I discuss areas in which I believe this research can be taken forward.

Chapter one introduces the concept of unrealised efficiency – a previously undiscussed

and unstudied measure. Heterogeneity tests highlight that unrealised capitalisation is far

from uniform and differs with regards to the type of improvements required and with

one’s investment potential. Heterogeneity is expected to arise across a number of other

domains not discussed within the chapter. By country, as energy potential and culture

vary geographically; by tenure as owner-occupiers and renters vary in their ability to un-

dertake improvements, the value they assign to them, and the length of occupation from

which to benefit from them; and by household characteristics, as capitalisation may vary

by age, marriage status, or voting behaviour, to name but a few. The latter presents
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interesting avenues for researchers with access to longitudinal data at the household level.

A limitation of this chapter is that I do not have access to data on the specific improve-

ments undertaken or their cost. An interesting line of research would be to understand

the actual return on these investments inclusive of the direct energy savings. Research of

this type would better be able to link to research on the energy efficiency gap (see Jaffe

and Stavins, 1994, Gillingham and Palmer, 2014).

Chapters three and four explore the impact of neighbourhood effects on residential energy

efficiency improvements in the context of endogenous neighbourhood selection. Neigh-

bourhood effects in this context have received very little attention in the literature. Re-

ceiving less attention is how these neighbourhood effects affect property prices. A limi-

tation of chapter three and the accompanying model in chapter four is that I am unable

to explicitly model the interactions between peers. I instead define peer groups based on

proximity and the matching of energy efficiency characteristics. Using a network analysis

style approach, future research in this field – with access to better data – could explore

how the conclusions of this paper are affected by: the size of one’s network, the specific

characteristic of one’s peers, by changes in the node of centrality, and even by the density

of one’s network. Applications of this from outside the field of energy efficiency come from

Patacchini and Venanzoni, (2014) in studying the drivers of regular housing investment

and Patacchini and Rice, (2007) in the context of regional growth. Such applications have

the ability to dig deeper into the data and deliver important findings. It would also place

further structure on the importance of social relationships in delivering energy efficiency

gains across neighbourhoods.
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