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Chapter 1

Introduction

Over the last decade the application of data science in economics and finance has in-

creased considerably. Data science including causal inference methodologies and machine

learning techniques for economic analysis, forecasting and nowcasting economic and fi-

nancial variables has shown great success. In this thesis, I will be exploiting data sciences

techniques to evaluate the impact of policy changes and perform forecasting for the stock

market. This thesis consists of three other chapters. Chapter two looks at evaluating the

economic impacts of the Brexit vote on the UK manufacturing sector employment. Chap-

ter three evaluates the success of the Stamp Duty Land Tax (SDLT) holiday on the UK

housing market. In these two chapters, I use the “State of Art” synthetic control method

to perform this evaluation. The choice to use the synthetic control method to investigate

the impacts of the Brexit vote is motivated from the approach that the method builds

on an improvement from traditional methods of policy evaluation such as the Difference

in Difference (DiD) method. In contrast to the DiD which is designed to be applied to

pooled cross sectional data, the design of the synthetic control method makes it more

applicable for comparative case studies where there is only one treated unit, such as in the

examples of Brexit referendum and the SDLT holiday. Instead of using one single control

unit or simple average of control units as in the DiD, the synthetic control method uses a

data driven approach to match the characteristics of the treated unit to a selected group

of countries in the donor pool. This data driven approach generate weighted average of

a set of potential control units to provide a synthetic control unit that closely resembles

1



CHAPTER 1. INTRODUCTION

the treated unit in the pre-treatment period.1 Lastly, chapter four applies unsupervised

machine learning techniques along with dictionary based method to forecast the volatility

of the stock market.

Chapter two of the thesis is titled “The Winners and Losers of Brexit: UK

Manufacturing Sector Analysis” and looks at the impact the Brexit vote had on

the UK economy. More specifically, I look at the UK manufacturing sector to investigate

how the Brexit vote affected the labour market in this sector. In answering this question,

I use the Synthetic Control method of Abadie et al. (2010). This method allows the per-

forming of causal inference analysis when there is as little as one treated unit and a pool

of control units, by using a data driven approach to assign weights to units in the control

group so they mimic the behaviour of the treated unit as closely as possible. The findings

of this paper were that in the three years following the Brexit referendum, the UK’s total

manufacturing sector’s employment decreased by an average of 3.6% in the post Brexit

vote period, equivalent to loss of 91,522 jobs. As the degree of reliance on the Euro-

pean Union (EU) varies across manufacturing divisions, I narrow down my analysis to

study the impact that the referendum had on seventeen manufacturing divisions. I found

that three manufacturing divisions benefited from the Brexit vote, six manufacturing

divisions were negatively affected, while seven manufacturing divisions were unaffected.

Earlier version of this paper is available on SSRN as Farid (2021b) and was presented at

the 14th FIW Research Conference “International Economics” at Vienna University of

Economics and Business (Wirtschaftsuniversität Wien).

Chapter three of the thesis entitled “Land Tax Holiday and House Price: Evi-

dence from the UK”, investigates the impact that the Stamp Duty Land Tax (SDLT)

holiday that was introduced in July 2020 had on the UK housing market. The SDLT

was introduced following the ease of the COVID-19 lockdown restrictions in an attempt

to boost the UK housing market. I perform a counterfactual analysis using Synthetic

Control Method to answer the question “How would the UK housing market perform

1Athey and Imbens (2017) describe the synthetic control method as “arguably the most important innovation in the
policy evaluation literature in the last 15 years”
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in the absence of the tax holiday?” The findings of this paper illustrate that the SDLT

holiday resulted in an increase of 2.11% and 2.96% on annual rates in the house prices

in the two quarters following the tax holiday. As Ashworth and Parker (1997) point

out it would be misleading to assume that the housing markets in all the UK regions

operate in the same way. In this paper, I document the heterogeneity of the housing

market performance across the 9 Nomenclature of Territorial Units for Statistics 1 re-

gions (henceforth NUTS 1). My analysis was motivated by the findings of Ramani and

Bloom (2021) that COVID-19 and the work from home mandate boosted the demand

for houses outside central cities. My findings show that Greater London did not benefit

from the SDLT holiday in the same way as the other regions as the average house price

falls outside the taxable exempt amount. On the other hand, the regions Wales, North

West of England and North East of England exhibited the greatest benefits, explained

by the difference of the UK and its synthetic counterpart. Earlier version of this paper

is available on SSRN as Farid (2021a) and was presented at the ESCoE Conference on

Economics Measurement at University of Strathclyde.

Finally, chapter four of the thesis entitled “Predicting the Volatility of the S&P

500 Stock Index: The Role of News Sentiment” I deviate from the causal infer-

ence analysis performed in the previous two chapters. In this chapter I use unsupervised

machine learning models to decompose the US newspaper articles into different economic

topics. The unsupervised machine learning approach is called Latent Dirichlet Allocation

(LDA) of Blei et al. (2003). The LDA method illustrates that the US newspaper corpus

can be decomposed into 17 topics. I then apply dictionary based method to measure

the tonality of the news topics over time and perform sentiment analysis using the state

of the art Harvard General Inquirer (GI) dictionary. The analysis to investigate which

news topics can explain the stock returns and volatilities was motivated by Peng and

Xiong (2006) and Da et al. (2011). They show that investors are selective with regard to

the information they process as the wealth of information creates a poverty of investor

attention as investors may have restrictions on following all the information that can be

relevant to their decision making. Although the topical news sentiment indices are found

3
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to be noisy, they tend to have extreme observations during the time of economic reces-

sions. I then use the news sentiment indices to predict the volatility of stock returns with

the Harvard GI dictionary, my findings show that incorporating topical news sentiment

as exogenous regressors in GARCH(1,1)-X and GJR-GARCH(1,1)-X models explains the

stock returns volatility. More precisely, the news sentiment indices for topics related to

currency, monetary policy, manufacturing, trade and trade policy can explain the varia-

tion in the volatility of stock returns. I then perform a forecasting exercise to find that

when combining the individual forecasts using regression based methods, the combined

forecasts provide accuracy in predicting the volatility of stock returns.

Combining the three chapters mentioned above together in a PhD thesis provides a

comprehensive approach to analysing economic data for the use of economic analysis and

forecasting. The application of data science and big data as demonstrated in this the-

sis enables economists and researchers to analyse causal relationships between variables,

which provides an understanding of the underlying mechanisms driving economic phe-

nomena. This allows for more accurate policy analysis, economic forecasting, which can

ultimately lead to more efficient and effective economic outcomes.
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Chapter 2

The Winners and Losers of Brexit:

UK Manufacturing Sector Analysis

Abstract

This paper analyses the effect of the Brexit vote on UK manufacturing divisions using a

synthetic control methodology. More specifically, this paper answers the question “What

if the Brexit vote never happened?” with the focus on the employment of the manufac-

turing sector. The findings show that in the three years following the Brexit referendum,

the UK total manufacturing sector’s employment decreased by an average of 3.6%. When

investigating the impact on individual manufacturing divisions, I found that three man-

ufacturing divisions benefited from the Brexit vote, six manufacturing divisions were

negatively affected, while seven manufacturing divisions were unaffected. These results

are of particular importance to policymakers who will support sectors affected as a result

of the Brexit referendum.

2.1 Introduction

On 23rd of June 2016, 52% of the British voters have voted to leave the European Union

(EU). Having been part of the EU, the UK had access to the single market and the

customs union which in turn made all the trade between the UK and the EU tariff free,

subject to low non-tariff barriers and allowed for free movement of EU labour across the
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EU member states. As a result of the Brexit vote results, the UK government triggered

article 50 on 29th of March 2017, which is the plan that a member state has to follow in

the event of leaving the EU. There are several ways that the UK manufacturing sector

might be affected by Brexit. Firstly, several UK sectors depend on the EU migrant labour,

restrictions regarding the free movement of labourers from the EU may lead to further

decline in the number of skilled labours and increase in wages and thus the increase in

the costs of production (European-Commission 2016). Secondly, the depreciation of the

sterling pound caused an increase in the input costs due to raising imported raw materials

(Wells and Stephens 2017). Thirdly, UK-EU Trade deal negotiations caused an increase

in business and economic uncertainty. The uncertainty associated with the Brexit vote

affected the UK manufacturing sector through the option-value channel of (Bloom 2009;

Bloom et al. 2019).1

Manufacturing accounts for around one tenth of UK economic output, 8% of employ-

ment and makes up 80% of UK goods exports and 44% of all UK exports (Tetlow and

Stojanovic 2018). In this paper, I assess the impact of the Brexit vote on the UK man-

ufacturing sector employment by constructing an appropriate counterfactual for each

manufacturing division to investigate how the employment of manufacturing divisions

would have been performing in the absence of the Brexit vote. As displayed in figure 2.1,

the manufacturing sector confidence had a dip at the time around the Brexit referendum

and another big decline at the end of 2019, when there was concerns that the UK will leave

the EU without a deal. This paper is of particular importance for policymakers who aim

to support British industries and businesses that are affected by Brexit. The British gov-

ernment is to provide training and financial support to businesses and industries affected

by Brexit.2 The need for financial support for each manufacturing division depends on its

degree of internalisation. Divisions that rely on European skilled labour as well as trade

with the EU are likely to be affected the most. My results show policymakers offering

support, the divisions that were affected the most in terms of employment in the three

year transition period, as the number of European skilled labour registered to work in the

1According to (Bloom 2009), during uncertain times, hiring and investment rates fall due to the option-value effect, as
businesses delay their plans until uncertainty subside.

2At the point of writing this paper, the British government announced the launch of operation Kingfisher, Brexit
Readiness Fund and the availability of 1.3 billion pounds to lenders to support businesses affected from Brexit
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UK fell sharply following the Brexit referendum. The support that the government can

offer can be through campaigns that aim to promote employment opportunities, attract

domestic workers, and develop the skills required in the manufacturing industry such

as The National Manufacturing Competitiveness Levels program. This program offers

tailored support and funding to help businesses identify and address skills gaps, improve

processes and the sector-specific apprenticeship programs that provide structured train-

ing and on-the-job learning opportunities for individuals interested in pursuing a career

in the manufacturing sector.
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Figure 2.1: Manufacturing Sector Confidence.

OECD Manufacturing - Confidence indicator, Quarterly Seasonally Adjusted. Source: Quandl.

When studying the impact of the Brexit vote on the UK manufacturing sector, I use

synthetic control method (Abadie and Gardeazabal 2003; Abadie et al. 2010; Abadie

et al. 2015) on the aggregate manufacturing sector employment and sixteen 2-digit man-

ufacturing divisions to construct a counterfactual for what the labour market of each

manufacturing division would have been in the absence of the leave vote. As the Brexit

vote was unanticipated and unrelated to macroeconomic performance, the synthetic UK

should carry to evolve in the same direction the UK would have done in the absence of the

referendum. Comparing the evolution of the UK to its synthetic counterpart shows the

causal impact of the Brexit referendum in the post-Brexit period. The use of synthetic

control method in the context of comparative case studies have grown considerably in

the last decade since the seminal paper of Abadie and Gardeazabal (2003). This method
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has several advantages such as the ability to analyse policy change when there is as few

as one treated unit, the method constructs a counterfactual scenario by estimating what

would have happened in the absence of the treatment, the method takes into account

time-varying confounding factors that may affect both the treated and control units. By

matching the pre-treatment covariates, the method creates a synthetic control unit that

closely resembles the treated unit’s pre-treatment characteristics, lastly, the method al-

lows for the performance of inference through the application of placebo tests; this enables

the robust evaluation for the treatment effect.

This paper contributes to the research on the impact of the Brexit vote on the UK

economy using the synthetic control methodology. Born et al. (2019) found that the

Brexit vote caused the UK real GDP to decrease by 2% by 2018. Breinlich et al. (2020)

found that the Brexit vote caused the UK outward FDI to increase by 17% and inward

FDI to decrease by 9% to and from the EU, as firms move their operations from the UK

to the EU to benefit from the access to the single market. Opatrny (2020) investigates

how the UK financial markets would have performed if the UK was to remain in the EU;

his results found that as a result of the leave vote, the 10 year UK bond yield increased

by 1.2% and real effective exchange rate decreased by 10.8 index points. Fetzer and

Wang (2020) study the impact of the Brexit vote on a regional level, they show that

the Brexit vote caused 168 local district to lose on average 8.54 percentage points of

their output. They show that regions that highly rely on manufacturing are affected

the most. Papyrakis et al. (2023) show that the Brexit vote had a little impact on the

UK employment, causing an increase in the unemployment rate. In contrast to these

papers, I use dis-aggregated data of the UK manufacturing divisions to investigate the

economic impact of the Brexit vote. Such that I narrow my analysis by looking at the

manufacturing sector only and the impact Brexit had on the labour of this sector this

is due to the fact that this sector relies heavily on international trade and skilled EU

labour.

This paper also contributes to the literature on forecasting the impact that Brexit can

have on the economy and on the manufacturing sector in particular. Gasiorek et al. (2019)

investigate the impact of five different scenarios of trade relationships between the UK and
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the EU, ranging from soft Brexit to a hard Brexit scenarios, on the output, international

trade and prices of 122 manufacturing industries using partial equilibrium model.3 Their

results found that all the scenarios yield a negative impact on the UK economy, with

hard Brexit having the greatest negative impact. They also found that textiles, clothing

and footwear industries will see the largest negative impact, but food processing may see

an increase in production. Dhingra et al. (2017) perform counterfactual analysis on the

impact of the Brexit vote on welfare using general equilibrium trade model, covering 31

sectors and 35 regions. Their results found that a hard Brexit will reduce the welfare

by 2.7%. Lawless and Morgenroth (2019) use data for 6-digit products from United

Nations ComTrade for 2015 to assess the impact of the UK reverting back to WTO

tariffs with the EU countries. As different sectors have different tariffs, their results

show that the exports from EU to UK will be reduced by 30%, while exports from UK

to EU will be reduced by 22%. The approach that is taken in this paper is different

from the previously highlighted literature, my paper is mainly motivated by the degree

of heterogeneity of UK manufacturing sector divisions in respect to trade and reliance

on the EU labour. By focusing on the main manufacturing divisions and investigate how

the Brexit referendum affected their employment, this paper sheds light on the nuanced

effects of the Brexit referendum up to 2019. The counterfactual analysis performed in

this paper looks at answering the question “What if the Brexit vote never happened” by

looking at the manufacturing sector’s employment which is an aspect that has not been

investigated before. This allows the estimating of the average impact of the Brexit vote

across different manufacturing divisions. More precisely, the focus of this paper is on how

the manufacturing sector’s employment would have evolved in the absence of the Brexit

vote. This question represents a vital argument in the Brexit effect debate as by looking

at the changes in the employment in the manufacturing sector, one can understand the

real-world visible consequences of the Brexit vote. This sheds the light on the businesses

responses to the referendum outcome, whether businesses reduced their workforce, shifted

their business operations outside of the UK in response to the Brexit uncertainty or did

no actions. This also answers the question of how certain divisions are more affected

3Hard Brexit is defined as reverting back to World Trade Organization terms (WTO).
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than others? By addressing these questions in the context of counterfactual analysis,

one can provide valuable insights to academics and researchers seeking to understand

the economic effects of Brexit. This can also support policymakers to develop strategies

aimed to mitigate any negative impacts on the manufacturing sector employment.

The results of this paper demonstrate that within the sixteen divisions analysed, the

manufacture of wearing apparel and manufacture of motor vehicles were negatively af-

fected the most due to their reliance on the EU. The manufacture of wearing apparel is

heavily reliant on EU trade and EU migrant skilled labour and imposition of trade tariffs

is likely to hit this division hard, the results show that it had an average decline of 28%

of its employment. Similarly, the manufacture of motor vehicles division, that exports

over 50% of its output to the EU, showed great negative responses during the transition

period as big manufacturers such as Jaguar Land Rover and Nissan decided to cut their

labour force or shift their operations outside the UK, my results find that employment

declined by an average of 9.3%. Gasiorek et al. (2019) postulate that Stratford-on-Avon,

and Leicester are at risk of the greatest loss of their employment due to their heavily

reliance on manufacturing of motor vehicles and manufacturing of wearing apparel re-

spectively. Unsurprisingly, there are some divisions that benefited during the transition

period, these divisions are manufacturing of non-metallic mineral products and manufac-

ture of chemical products. The former had an average increase in employment by 9.1%

and the latter had an average gain of 5.8%. The gain that these manufacture divisions

experienced can be attributed to the some factors such as the increase in the domestic

demand for their products which could offset the negative effect of the Brexit referendum,

increase in exports as a result of the sterling depreciation or less reliance on European

skilled labour.

This paper is organised as follows. In section 2.2, I describe the data used and the

synthetic control method. In section 2.3, I present my empirical results of the impact of

the Brexit on manufacturing divisions employment. In section 2.4, I perform robustness

check. In section 2.5, I discuss the main findings, implications and provide recommenda-

tions. In section 2.6, I conclude.
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2.2 Data and Model

2.2.1 Data

To investigate the impact of the Brexit vote on UK employment, I use the number of

persons employed index, for the UK and 16 EU countries from Eurostat database Short

Term Business Activities from 2013 Q1 to 2019 Q4.4 The choice to work with this data

was mainly based on the advantage that Eurostat database is the only database that

provides long enough data on the manufacturing sector employment and its individual

divisions across different countries.5

Table 2.1 below shows descriptive statistics and a breakdown of each manufacturing

division that is used in my analysis.6 The table shows that the manufacture of food

products division has the greatest share of the total manufacturing sector in terms of

output and employment. In terms of international trade, manufacture of other transport

equipment and manufacture of machinery and equipment are the greatest net exporters

divisions, while manufacture of food products and manufacture of paper and paper prod-

ucts are the greatest net importers.

Figure 2.2 below shows that following the Brexit referendum the sterling pound dropped

to a 31 year low, causing the input prices to increase for almost all the manufacturing

divisions. As displayed, the manufacture of leather and manufacture of wearing apparel

had the highest PPI input price by the end of the sample. This depreciation in the ster-

ling has a negative impact on the manufacturing sector production as it puts pressure

on the cost of imported products. Breinlich et al. (2019) found that the depreciation of

the sterling following the referendum led to higher inflation by increasing the cost of im-

ports, causing product groups with high import shares to experience significantly higher

inflation.

4Eurostat defines the total number of persons employed as total number of persons who work in the observation unit
as well as persons who work outside the unit but belong to it and paid by it.

5The United Nations Industrial Development Organization (UNIDO) provides annual data on employment. Working
with annual data is not appropriate in the context of synthetic control method due to the limited data available in the post
treatment period.

6All data used to calculate manufacturing divisions share of total manufacturing sector, and international trade imports
and exports is available upon request.
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Division (1) Output (2) Establishment (3) Employee (4) Net Exports (5)
Food products 16.77% 5.49% 13.59% -5058.31
Textiles 1.77% 3.49% 3.29% 335.29
Wearing apparel 1.08% 3.86% 2.51% -188.31
Leather 0.30% - - -
Wood 1.40% 5.38% 2.27% -622.71
Paper 2.58% 1.61% 2.56% -705.56
Printing 5.56% 15.22% 7.45% 173.36
Chemicals 10.37% 2.42% 6.26% 3865.70
Rubber and plastic 4.33% 4.29% 6.07% 234.37
Non metalic 2.83% 3.05% 3.67% 95.47
Basic metals 3.81% 1.51% 3.04% 2135.97
Fabricated materials 6.01% 17.51% 10.23% 1350.07
Machinery 8.38% 10.92% 10.23% 7806.70
Electrical equipment 3.54% 3.59% 4.76% 473.92
Motor vehicles 9.28% 2.04% 6.36% 3420.87
Other transport 5.03% 1.65% 4.73% 11161
Furniture 3.01% 11.55% 5.39% -345.69

Table 2.1: UK manufacturing sector breakdown by division

Columns 2 to 4 for each manufacturing division are the average between 1990 and 2018 of the share of each variable of the
manufacturing division of the total manufacturing sector, variables are obtained from UNIDO IND STAT, 2020 Revision 3
with own share calculations. Column 5 I deflate the ONS trade in goods by industry, country and commodity for exports
and imports using ONS CPI Index and calculate the net exports as the difference between real exports and imports of the
UK with the worldwide countries.
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2.2.2 Model: Synthetic control method

The choice to use the synthetic control method to investigate the impacts of the Brexit

vote is motivated from the approach that the method builds on an improvement from the

traditional panel data models such as Difference in Difference (DiD) or Dynamic Panel

Data method. This method was once referred to as “the most important innovation in the

policy evaluation literature in the last 15 years” (Athey and Imbens 2017). The advan-

tages of the synthetic control method stem from the ability to model the treatment effect

when there is as little as one treated unit, something that can sometimes be unfeasible in

other panel data methods. In addition to this, synthetic control method is superior with

respect that instead of using one single control unit or simple average of control units

as in the DiD, the method uses a weighted average of a set of potential control units

to provide a synthetic control unit that closely resembles the affected unit in terms of

predictors. That is to say, instead of using just one European country or a simple average

of all the European countries in the donor pool, the weighted average control group has

better match than any single country would be. This allows for the estimation of the

counterfactual outcome that would have occurred for the treated unit in the absence of

the treatment. By comparing the treated unit to its counterfactual, policymakers can

understand the effectiveness of the treatment on the treated unit. Lastly, the method

opens the door to performing several placebo tests in order to assess the validity of the

estimated treatment effect.

In the context of the UK Brexit scenario, suppose that there are J + 1 units (here:

country pairs) in periods t = 1, 2 . . . , T (here: quarters), where unit j = 1, is the treated

unit (here:UK) and units j = 2, . . . J+1 are the untreated units used in the control group.

Unit j = 1 is exposed to the intervention (here: outcome of the Brexit referendum) of at

periods T0+1, . . . , T (2016 Q3 to 2019 Q4), which is 15 observations, while being unaffected

during the periods 1, . . . , T0 (2013 Q1 to 2016 Q1). The data ends at 2019 Q4 so the

COVID-19 pandemic shock does not influence the results.7 Y N
it is the outcome of unit

i in the absence of intervention for units i = 1, . . . , J + 1. Y I
it is the outcome of unit i

at time t if the unit is exposed to intervention in periods T0+1, . . . , T . The intervention

7Stopping the exercise at 2019 Q4 prevented the analysis from being expanded to look at the long term effects of Brexit
especially after the Brexit deal came in place.
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has no impact on the pre-intervention periods. Y N
it = Y I

it for t = 1, . . . , T0. However,

in practice, interventions may have an impact prior to their implementation (e.g., via

anticipation effects) (Abadie et al. 2010). For the treated unit, Y N
it can not be observed

in the post-intervention period t = T0 + 1, . . . T and can best be modelled by a weighted

average combination of untreated units in the donor pool. The synthetic control can be

represented by a (Jx1) vector of weights W = (w2, . . . , wj+1)
′, where 0 ≤ wj ≤ 1 for

j = 2 . . . , J + 1 and w2 + . . .+ wj+1 = 1, where

Ŷ N
1t =

J+1∑
j=2

w∗
jYjt. (2.2.1)

The constructed synthetic control unit Ŷ N
1t is a weighted average of the untreated units

of the control group. An important assumption of the synthetic control method is that

manufacturing employment of countries in the control group is not directly affected by

the results of the Brexit referendum, nor any contemporaneous events.8 The assumption

of conditional independence helps ensure that the control units selected for the synthetic

control group have similar pre-treatment trends, making them plausible substitutes for

the treated unit in estimating the counterfactual outcome. That is, the assumption sug-

gests that the treatment is unrelated to the historical outcomes and covariates, except

through their common dependence on observed pre-treatment characteristics. By match-

ing the pre-treatment characteristics of the treated unit with appropriate control units,

the synthetic control method aims to create a weighted average of the control units that

closely approximates the treated unit’s outcomes in the absence of the treatment. When

this assumption holds, it implies that the treated unit and the control units used to

construct the synthetic control group should have similar trends in past outcomes and

covariates. This similarity is crucial because it allows the synthetic control unit to serve

as a meaningful representation of the unobserved counterfactual scenario for the treated

unit (Gilchrist et al. 2023).

The choice of W such that the characteristics of the treated unit are best resembled

by the characteristics of the synthetic control. X1 is a (k × 1) vector of pre-intervention

8I am aware of the weakness of this assumption, however, this assumption is maintained in (Born et al. 2019) (Breinlich
et al. 2020) and (Papyrakis et al. 2023) that countries in the donor pool are not affected by Brexit vote. In my robustness
check, I show that the UK had the greatest impact of the Brexit in comparison to the countries in the control group.
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characteristics of the treated unit. X0 is (k × j) matrix of the same characteristics

of the donor pool. There is no one way that is always accepted in the literature for

the choice of covariates. Abadie et al. (2010) advises on using economic predictors in

addition to lags of the treated variables in the pre-intervention period, while Abadie

et al. (2015) advises on using economic predictors in addition to the average of the

treated unit in the pre-intervention period. However, Ferman et al. (2020) finds that

specification searching is reduced when the number of pre-intervention period goes to

infinity and all pre-intrevention lags of the variable of interest of the treated unit are

used as predictors.The vector W∗ is chosen to minimise this difference between the pre-

intervention characteristics of the treated unit and the synthetic control unit ||X1−X0W ||

subject to the constraints of wj mentioned above. Abadie et al. (2010) measure the

discrepancy between the characteristics of the treated and the synthetic control unit by

introducing vector V, which is a symmetric and positive semidefinite (k× k) matrix. An

optimal choice of V assigns weights to the linear combinations of the variables in X0 and

X1 to minimize the mean square error of the synthetic control estimator. Typically, V is

selected to weight the predictors in accordance to their predictive power on the outcome,

this makes the minimization problem as follows:

∥X1 −X0∥v =
√

(X1 −X0W)′V(X1 −X0W).

As suggested by Abadie and Gardeazabal (2003) and Abadie et al. (2010), I set the V to

be determined using a data driven approach such that the MSPE of the outcome variable

is minimised for the pre-treatment period. Abadie et al. (2010) show that if the weighted

average of the synthetic control characteristics X0 can match the treated unit character-

istics X1, it provides a valid counterfactual for Y N
jt in the sense that Ŷ N

1t − Y N
jt is close

to 0 in the pre-intervention period, t = 1, ...., T0. In the case of evaluating the impact

of the Brexit vote on the UK manufacture sector employment, I use the variables Gross

Fixed Capital Formation (GFCF) share of the GDP, manufacturing sector employment

share index (2015=100), Manufacturing Value Added (MVA) and the dependent variable

(Log of employment index). Including the pre-Brexit values of the dependent variable

helps to limit the sensitivity of the weighting procedure to any unobserved characteristics
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which could result in differences between the actual UK and its synthetic counterpart

and ensures a better fitting pre-intervention model. These observed covariates are not

affected by the treatment in the pre-treatment period. The synthetic control is primar-

ily designed to use any covariates that help explain the outcome variable as predictors,

and not only pre-treatment values of the outcome variable (Gardeazabal and Vega-Bayo

2017). The choice of these data is motivated by the fact that these variables are available

for the manufacturing sector in general and each manufacturing division in particular,

hence these covariates are division specific economic covariates when it comes to estimat-

ing the synthetic control method for individual manufacturing divisions. I evaluate their

economic predictive power by running a regression of the dependent variable, Log man-

ufacturing sector employment on several covariates (Shimeng Liu 2015; Breinlich et al.

2020).

Yit = β0 + β1GFCFShareit + β2EstablishmentsShareit + β3EmploymentShareit+

β4MVAit + uit, i = 1, . . . , J, t = 1, . . . , T.

As suggested by Botosaru and Ferman (2019), the inclusion of covariates as predictors

when the outcome equation is nonlinear in covariates should not necessarily be a problem

if one uses the data-driven approach to determine the matrix V . As long as the pre-

treatment outcome lags are also included as predictors, then the importance given to such

covariates would be relatively small and the estimation procedure would not attempt to

match on covariates that should not be matched on. As the output of the regression

shows in table 2.2, there exists linear and significant relationship between all of the

variables, with exception of GFCFShare. Therefore, the inclusion of variables as economic

predictors will be based of being significant determinants for the employment in the

manufacturing sector. The variables with significant coefficients along with average of the

pre-treatment lags of the dependent variables will be used as covariates in the data driven

approach that estimates the vector of weights assigned to each country in the donor pool

as in Abadie et al. (2015). As a robustness check, I also consider alternative specifications

such as using the pre-treatment period lags only as economic covariates (Ferman et al.

2020; Breinlich et al. 2020; Botosaru and Ferman 2019) and using economic covariates
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along with all the lags of the dependent variable in the pre-treatment period (Billmeier

and Nannicini 2013; Bilgel and Galle 2015; Stearns 2015; Villar and Papyrakis 2017;

Pellegrini et al. 2021; Papyrakis et al. 2023).

For the post-intervention period, where t ≥ T0, the treatment effect is the difference

between the realized outcome and the synthetic control outcome.

Dependent variable:

Log(EmploymentIndex)

(1) (2)

EstablishmentsShare 0.005∗∗∗ 0.005∗∗∗

(0.001) (0.001)

GFCFShare −0.0002 −0.0005
(0.0002) (0.0004)

EmploymentShare 0.003∗∗∗ 0.003∗∗∗

(0.001) (0.001)

MVA −0.0004 0.013∗

(0.0004) (0.007)

Constant 3.873∗∗∗

(0.097)

Observations 169 169
R2 0.312 0.364
Adjusted R2 0.296 0.237
F Statistic 18.631∗∗∗ (df = 4; 164) 20.013∗∗∗ (df = 4; 140)
FE: (NO) (YES)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 2.2: Regression estimates for the Manufacturing sector employment and covariates

Estimation of the relationship between the economic covariates and the dependent variables. The dependent variable is
the natural logarithm of the Employment Index 2015=100. Column (1) is the estimation with Pooled OLS. Column (2) is
the estimation with country and time fixed effects.

Y1t −
J+1∑
j=2

w∗
jYjt = Y1t − Ŷ N

1t ,∀t = T0+1, . . . , T (2.2.2)

Throughout this paper, the main identifying assumption is that the UK total manufac-

turing sector and its individual employment division indices would have developed as the

synthetic unit had it not been for the Brexit vote. To quantify the short run effects of
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the Brexit vote, I estimate the following regression equation:

Y1t − Ŷ N
1t = µ+ λdt + ϵt, (2.2.3)

dt =


0, for t < T0

1, for t ≥ T0

The step dummy variable, dt, models the average impact in the post intervention period,

where the coefficient λ will be referred to as the “synthetic control regression estimator”.

When subtracting the synthetic control unit from the treated unit, this estimates the

synthetic control effect.

As a robustness check, I will compare the estimates of equation 2.2.3 to a DiD regres-

sion model. The synthetic control method is more appropriate method to be used in

comparative case study and in the context of Brexit referendum evaluation in particular

than the DiD as there is one treated unit, where the synthetic control relies on the as-

sumption that the synthetic control captures the unobserved factors affecting the treated

unit, enabling causal inference. On the other hand, DiD is commonly employed in pooled

cross-sectional analyses involving multiple treated and control units. The difference be-

tween the synthetic control method and the DiD method is that the synthetic control

method creates a weighted average of the countries in the donor pool that matches the

characteristics and the trend of the treated unit. The synthetic control method shows

a plot of how the treated unit would have been looking in the absent of the treatment.

The synthetic control method allows an algorithm to determine which combination of

countries match the evolution of UK manufacturing sector employment before the Brexit

vote with highest possible accuracy. On the other hand, DiD is based on the conditional

expectation assumption i.e. the expected outcome of the treatment group (or the treated

units) given a specific set of covariates or observed characteristics. It represents the

average treatment effect for the treated group, taking into account the control group’s

outcomes and the changes over time. Although the synthetic control method compares

the change in outcomes over time between a treated unit and a control unit or group of

units that are assumed to be similar in all relevant respects except for the treatment or
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policy intervention. The DiD does not take in consideration matching the treated group

and their characteristics, instead it is based on the common trend assumption. That is,

the treatment and control group follow a similar pattern in the pre-treatment period,

they would also follow a similar pattern in the post-treatment period in the absence of

the treatment. The DiD model can be written as:

Yit = β0 + β1treated+ β2treatment+ δ(treated× treatment) + Zit
′θ + ϵit.

For the scenario of the Brexit, the DiD model will be written as:

Yit = β0 + β1UK + β2dt + δ(UK × dt) + Zit
′θ + ϵit, (2.2.4)

Where Zit is the set of economics predictors which may be included in the regression. The

coefficient β1 illustrates the effect of the UK on the dependent variable, the coefficient

β2 shows the effect of the post-2016Q2 on the dependent variable. Lastly, the coefficient

δ is the DiD estimator which represents the average treatment effect (ATE) of Brexit on

the treated unit. This specification estimated with and without Fixed Effects (FE).

The difference between equations 2.2.3 and 2.2.4 can be explained as the former looks at

estimating the effect of the Brexit referendum on the gap between the treated unit and

its synthetic counterpart, where the synthetic counterpart is assumed to be the same as

the treated UK in the absence of the Brexit referendum. The coefficient λ captures the

change in this gap over time, indicating the evolving effect of Brexit on the treated unit

relative to the synthetic control unit. However, in the latter, the coefficient δ is the DiD

estimator which captures the difference in the average outcomes between the UK and the

countries in the donor pool after accounting for time and group-specific effects. Having

said that, the coefficients λ and δ serve different purposes and capture different aspects

of the treatment effect.

To perform inference on the results of the synthetic control method in the context of

Brexit analysis, the following steps are undertaken:

1. Construction of Confidence Intervals: Confidence intervals are constructed for each

trajectory of the treated unit in comparison to its synthetic counterpart. The con-
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fidence interval is calculated based on 2 standard deviations of the pre-Brexit gap

between the UK and the synthetic UK in order to have a 95% confidence interval.

This approach allows for assessing the significance of the differences between the UK

and its synthetic counterpart in the post-Brexit period. This inference approach is

based on the work of Born et al. (2019).

2. In-Time Placebo Test: A placebo test is conducted by assigning the Brexit vote to

a false year. The purpose of this test is to evaluate whether there would be any

significant divergence between the UK and its synthetic counterpart after this false

year. If the false assignment of the Brexit vote leads to a notable and significant

divergence, it raises doubts about the main findings.

3. Country Placebo Test: Another placebo test is performed by assigning the Brexit

vote to each of the countries in the control group. The gap between the treated

unit (UK) and its synthetic counterpart is calculated based on this assignment. The

objective of this test is to assess whether the observed gap between the UK and its

synthetic counterpart is driven by the Brexit vote or by other random fluctuations

within the control group.

4. Calculations of Fisher p-value based on country placebo effects: Abadie et al. (2010)

propose an approach to assign the treatment to each country in the control donor

pool and estimating the “country placebo effect”. For each control unit, the ratio of

post-treatment MSE to the pre-treatment MSE is computed as the following:

Rj =
MSEj,post−Brexit
MSEj,pre−Brexit

=

(∑T
t=T0+1

(
Yjt − Ŷ N

jt

)2
)
/ (T − T0)(∑T0

t=1

(
Yjt − Ŷ N

jt

)2
)
/T0

,

Where
(
Yjt − Ŷ N

jt

)
is the treatment effect. Having large value of the MSE in the

post-Brexit period indicates the Brexit effect on the treated unit. To validate that

the gap in the post-Brexit period is the Brexit effect for the UK, the p-value is

then calculated by comparing the value of R1, the MSE ratio for the UK, to that of
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Rj ∀j = 2, . . . , J + 1 control units, :

p1 =

∑J+1
j=1 I+ (Rj −R1)

J + 1
, (2.2.5)

Where I+(.) is an indicator function that takes a value of one for nonnegative ar-

guments and zero otherwise. That is to say, the indicator function can be written

as 1 (Rj ≥ R1) Comparing the value of this statistic for the UK, R1, to that of all

other units, the p-value measures the chances of obtaining a ratio as high as R1 if

one is to pick a country randomly from the sample of countries in the donor pool.

If the p-value is less than some pre-specified significance level, such as the the 0.1

traditional value then the null hypothesis that the treatment has no effect can be

rejected implying that there is some regions with a non-zero effect for some period.

These steps help provide additional evidence and address potential concerns regarding the

reliability of the main findings derived from the synthetic control method in the context

of Brexit analysis.

2.3 Results and Discussion

2.3.1 Results

Total Manufacturing:

The employment of the manufacturing sector is particularly vulnerable to the impacts

of Brexit referendum due to several key factors such as that this sector relies heavily on

international trade, with a significant portion of its output exported to EU27 markets.

The potential disruptions in trade relationships, such as the imposition of tariffs or non-

tariff barriers, could lead to decrease in demand for UK-manufactured goods in the EU,

thereby impacting employment levels. In addition to this, the manufacturing sector

has historically benefited from the availability of European skilled labour to fill positions

requiring specialised skills and expertise. The uncertainty associated with the future work

arrangements for EU workers in the UK following Brexit referendum has created concerns

about potential labour shortages. Any changes to the restrictions on the movement of
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labour may disrupt supply chains and create uncertainties for business that are not limited

to closing of businesses premises, shifting business operations outside of the UK and most

importantly disruptions to the value added within the manufacturing sector.

Total manufacturing sector employment is defined as the sum of the employment of

all the manufacturing divisions. I construct synthetic UK manufacturing employment to

measure how the Brexit vote affected the UK’s manufacturing sector. As in equation

2.2.1, the synthetic UK is constructed with a weighted average of countries in the donor

pool. The weights assigned to each country in the donor pool is based on matching the

vector of pre-intervention characteristics of the treated unitX0 to that of the control group

X1. These characteristics are manufacturing sector employment share index (2015=100),

manufacturing value added, manufacturing sector establishments share and all the lags

of dependent variable which is the log of employment index. These variables are averaged

for the pre-intervention period. The pre-intervention period takes place from 2013 Q1 to

2016 Q1. Table 2.3 shows a comparison between the pre-intervention characteristics of

the actual UK, synthetic UK and a population weighted average of all the 16 countries

in the donor pool. As illustrated, the synthetic UK is closely matched to the actual UK

than the weighted average of all the countries in the donor pool.

Economic predictor UK Synthetic Sample Mean

Establishments Share 95.982 101.043 101.946
Employment Share 100.079 100.223 98.424

Manufacturing Value added 10.524 10.531 18.344
Log Employment Index (Dependent Variable) 4.591 4.593 4.622

Table 2.3: Employment Index Predictor Means Matching.

Manufacturing sector employment share index (Eurostat), Manufacturing Value Added (MVA) (UNIDO), the log of em-
ployment index (dependent variable) are averaged for the pre-intervention period 2013 Q1 to 2016 Q1.

Table 2.4 below shows the weights assigned to each country in the donor pool to

construct the synthetic UK total manufacturing sector’s employment. Almost 80% of

the Synthetic UK total manufacturing sector employment is formed by countries such

as Hungary, Germany, Norway, Denmark and Spain. This weighted combination makes

sense as countries such as Hungary and Norway which account for almost 50% of the

control group are similar to the UK in the aspect that Hungary is not part of the Eurozone,

while Norway is not an EU member, but part of the European Economic Area (EEA).
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It is important to note that the weights assigned to countries in the control group are

based on matching the covariates between the treated unit and the control group and

they refrain from any structural interpretations.

Country Synthetic control weight
Hungary 42.4%
Germany 16.3%
Norway 6.5%
Denmark 6.4%
Spain 6.3%
France 4.4%
Belgium 3.3%
Italy 3.3%
Finland 2.9%
Greece 2.6%
Luxembourg 0%
Czech Republic 0%
Ireland 0%
Netherlands 0%
Austria 0%
Portugal 0%

Table 2.4: Synthetic Control weights for UK total manufacturing index.

Country weights to construct synthetic UK total manufacturing index. The weights illustrate the importance of country j
in the donor pool to approximate the UK.

Figure 2.3 displays the plot of the natural logarithm of the total manufacturing sectors

employment index for the UK and synthetic UK. The synthetic UK closely and consis-

tently mimics the evolution of the UK series during the pre-Brexit vote period. The

figure suggests the negative impact of the Brexit vote on the employment of the total

manufacturing sector can be visible following the Brexit referendum till the end of the

sample. The advantages of using the synthetic control method is that during the pre-

Brexit vote period, the performance of the synthetic UK is almost identical to that of the

UK. Therefore, one can conclude that the total manufacturing employment significantly

underperformed its synthetic counterpart following 2016 Q2 until the end of the sample,

capturing the negative impact of the Brexit vote. This significance is described by the

shaded area which is 2 standard deviations of the difference between the UK and the

synthetic UK in the pre-Brexit period.

Table 2.5 shows the estimation of the OLS regression of equation 2.2.3 and the DiD

equation 2.2.4. As in Zhuang et al. (2023), DiD can be used as a robustness check for the

synthetic control method to measure the average treatment effect on the treated group.
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In this table I estimate the average impact of the Brexit vote on the total manufacturing

employment in percentage points. Column (1) shows the estimation of the coefficient λ

which shows the Brexit vote effect as the difference between the UK and its synthetic

counterpart. While columns (2) and (3) show the estimation of the coefficient δ which

is the DiD estimator, estimating the effect of the Brexit vote on the employment. As

illustrated, the results show that in the post-Brexit period, the average loss in the man-

ufacturing sector employment 3.6%, according to the synthetic control specification. For

the DiD specification, the coefficient δ is very small and not statistically significant. This

loss in the manufacture sector employment is equivalent to a loss of 91,522 jobs. This

decrease in the employment in the manufacturing sector can be attributed to the drop

of EU migrant skilled labour and the shift of UK business operations to EU destinations

(Breinlich et al. 2020). This finding is consistent with the results of Born et al. (2019) and

Fetzer and Wang (2020), who find that Brexit had a negative impact on the aggregate

and regional UK economic activity using synthetic control methodology.
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Figure 2.3: Impact of the Brexit vote on the total manufacturing sector.

I follow Born et al. (2019) in constructing the shaded area as 2 standard deviations of the difference between the UK and
the synthetic UK in the pre-Brexit period.

Given the complexity associated with the nature of the impact of the Brexit vote

on employment, it is challenging to identify the causal effects of the Brexit vote using
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Dependent variable:

Y1t − Ŷ N
1t Yit

(1) (2) (3)

dt −0.036∗∗∗ −0.006
(0.004) (0.007)

UK −0.011
(0.008)

dt × UK -0.019 −0.005
(0.013) (0.012)

Constant −0.001 3.984∗∗∗

(0.003) (0.063)

EstablishmentsShare 0.004∗∗∗ 0.003∗∗∗

(0.0005) (0.0005)

EmploymentShare 0.003∗∗∗ 0.005∗∗∗

(0.0004) (0.0005)

GFCFShare 0.0002 −0.00002
(0.0001) (0.0002)

MVA 0.001∗ 0.023∗

(0.0003) (0.005)

Fixed Effects No Yes
Observations 28 273 273
R2 0.714 0.403 0.462
Adjusted R2 0.703 0.387 0.378
Residual Std. Error 0.027 (df = 265)
F Statistic 25.503∗∗∗ (df = 7; 265) 40.409∗∗∗ (df = 5; 235)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 2.5: Effect of the Brexit vote on the UK total manufacturing sector employment.

Estimating the effect of the Brexit vote on the manufacturing sector employment. Column (1) shows the estimation of
equation 2.2.3, where the gap between the UK and its synthetic counterpart is regressed on a constant and a dummy
variable. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3) display the
estimation of the DiD model of equation 2.2.4, where the dependent variable is the log employment index is regressed on
a constant, time dummy variable, UK dummy variable, the interaction of both dummy variables and a vector of economic
covariates.
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standard statistical methods. The use of synthetic control method becomes beneficial

here to generate the counterfactual outcomes for the sectors having been affected from

the referendum. The individual divisions in the manufacturing sector experience hetero-

geneous impact from the Brexit referendum, due to their different exposure to the EU

and international trade. In the following sections, I will discuss the main findings of

this paper. I will show the estimates of the impact of each division in the manufacturing

sector, the divisions that gained from the Brexit referendum will be referred to as “Brexit

vote winners” and the divisions that were affected from the Brexit referendum will be

referred to as “Brexit vote losers”. Some divisions did not display significant differences

from their synthetic counterparts, I label them as unaffected divisions and their plots are

in figure A.1 in the appendix.

As the synthetic control unit for each manufacturing division is constructed using dif-

ferent combination of control units, table 2.6 shows the highest non zero weights assigned

to each country to construct the synthetic control units for each manufacturing division.

Winning manufacturing divisions

The manufacture of Non-metallic mineral products division is a winner in the post-Brexit

period. Figure 2.4 illustrates that this division’s employment significantly overperformed

its synthetic counterpart in the post-Brexit period. Table 2.7 shows that the employment

increased in the post-Brexit period by an average of 9.4%, which is equivalent to 7,242

extra jobs.

The manufacture of chemical products division is another winner in the post-Brexit

period. Table 2.1 shows that this division is the second largest net exporter in the UK

manufacturing sector, 60% of these exports go to the EU and 75% of the chemical imports,

including essential raw materials, come from the EU (Chemical Industries Association

2018). Figure 2.4 displays that this division’s employment overperformed its synthetic

counterpart in the post-Brexit period. Table 2.7 shows that on average in the post-Brexit

period, this division’s employment increased by 5.8%, equivalent to an increase of 6,939

jobs in the post-Brexit period.

Lastly, manufacture of furniture had an increase in the employment during the post-
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Manufacture Division Synthetic control country weights
Wearing Apparel: Belgium = 46.2%, Czech = 29.6%, Denmark = 23.9%

Chemical Products Netherlands = 56%, Belgium 41.8%

Non Metallic Mineral Products Norway = 55.2%, Denmark = 13.4%, France = 5.5%, Netherlands = 4.3%

Other Transport Netherlands = 34.9%, Czech = 30.3%, Belgium = 22.2%, Denmark = 12.4%

Computer Norway = 47.4%, Spain = 28.1%, Netherlands = 4.2%

Motor Vehicles Czech = 41.9%, Netherlands = 34.8%, Hungary = 22.5%

Food products Netherlands = 45.9%, Germany = 27.4%, Hungary = 13.3%, Spain = 10.3%

Electric Equipment Hungary = 62.9%, Germany = 15.6%, Czechia = 6.2%, Norway = 4.6%

Printing Spain = 71.2%, Hungary = 15.2%, Belgium = 8.3%, Norway = 2.0%

Paper and paper products Czech = 61.7%, Belgium = 33.6%%, Netherlands = 1.7%

Machine and Equipment Belgium = 70.5%, Greece = 13.0%, Italy = 3.9%, Spain = 3.6%

Fabricated Metal Products Czech = 41.20%, Greece = 17.5%, Hungary = 16.6%, Germany= 7.4%

Rubber Denmark = 53.6%, Hungary = 32.6%, Greece = 2.7%, Norway = 2.0%

Textiles Greece = 76.4%, Hungary = 18.0%, France =1.3%, Belgium = 1.2%

Wood Hungary = 56.0%, Norway = 34.9%, France = 2.6%, Belgium = 2.4%

Table 2.6: Synthetic Control weights for each UK manufacturing division index of employment.

Country weights to construct synthetic UK for each manufacturing division. Weights are estimated based on matching the
vector of pre-intervention characteristics of the treated unit X0 with that of the control group X1. The weights illustrate
the importance of country j in the donor pool to approximate the UK.

Brexit period, this division’s employment increased by 5.5%, equivalent to an increase of

8,684 jobs in the post-Brexit period. As illustrated in figure 2.4, the employment index

series for the UK overperformed its synthetic counterpart in the post-Brexit period.

Losing manufacture divisions

The greatest losing manufacturing division is the manufacture of wearing apparel division.

This division relies heavily on foreign trade, where the UK imports material from Asia

and low cost countries, and exports high quality heritage products that have strong brand

recognition. Table 2.1 illustrates that this division is a net importer division. Figure 2.5

displays the significant contemporaneous negative impact on this division’s employment

following the Brexit vote. Table 2.7 illustrates that on average, this sector’s employment
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Figure 2.4: The winning manufacturing divisions.

I follow Born et al. (2019) in constructing the shaded area as 2 standard deviations of the difference between the UK and
the synthetic UK in the pre-Brexit period.

dropped by 27.6% in the post-Brexit period, which is equivalent to a loss of 7,486 jobs.

The manufacture of other transport equipment includes industries such as manufactur-

ing of ships, boats and yachts, the manufacture of railway rolling stock and locomotives,

air and spacecraft. Figure 2.5 displays that the UK’s employment underperformed its

synthetic counterpart in the post-Brexit period. On average in the post-Brexit period,

employment of this division decreased by 4.8%, which is equivalent to a loss of 7,583 jobs.

The manufacture of motor vehicles division’s employment is strongly negatively af-

fected in the post-Brexit period. Figure 2.5 displays that in the post-Brexit period this

division’s employment significantly underperformed its synthetic counterpart. Table 2.7
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shows that this division’s employment declined by an average of 9.3%, equivalent to

14,878 jobs lost.

The manufacture of computer, electronic and optical products division relies heavily

on the international trade for imports of material inputs and exports of final products.

As figure 2.2 shows, following the Brexit vote, the input prices increased in a similar

manner to most of the manufacturing division, this put a pressure on the division’s prof-

itability. Figure 2.5 displays that following the Brexit vote this division’s employment

underperformed its synthetic counterpart significantly. Table 2.7 shows that this divi-

sion’s employment declined by an average of 5% in the post-Brexit period. In addition

to this, the division was also negatively affected due to the reduction in both foreign

and domestic capital investment following the Brexit referendum and the lack of business

confidence that resulted in a decrease and postponement in investments in technological

innovations (Breinlich et al. 2020).

The manufacture of electrical equipment division is also negatively affected in the

post-Brexit period. Figure 2.5 displays that the UK and synthetic UK are on the same

trend and have a very close fit in the pre-Brexit period. Following the Brexit vote, the UK

series significantly underperformed its synthetic counterpart until the end of the sample.

Table 2.7 illustrates the negative impact this division encountered as the employment

decreased by an average of 18.3% in the post-Brexit period, equivalent to a loss of 14,210

jobs.

The manufacture of printing products division is the second largest division in terms

of establishments as illustrated in table 2.1. Figure 2.5 displays that this division’s

employment decreased significantly following the Brexit vote. Table 2.7 shows that in

the post-Brexit period, the UK decreased by an average of 13.9%.

Column (2) of table 2.7 shows the DiD estimator of equation 2.2.4 with two ways

Fixed Effects (FE) regression. Tables A.1 to A.11 show the detailed estimation of these

regressions.9 For most of the manufacturing divisions, the coefficient λ of equation 2.2.3

and the coefficient δ have the same sign which is consistent on the effect of the Brexit

referendum on different manufacturing divisions. However, the magnitude of the coeffi-

9I estimate the regression without controlling for covariates due to missing observations in the division specific economic
covariates after 2017Q1 for most of the manufacturing divisions.
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cient is different as each of the equation models the effect of the Brexit referendum in a

different way. The former looks at the effect of the Brexit referendum in the context of

the gap between the UK and its synthetic counterpart i.e. the effect of the referendum on

the divergence between the two series which are assumed to be the same in the absence

of the Brexit vote. While the latter looks at the effect of the treatment on the dependent

variable, the log employment index.

In figure A.1 in the appendix, I show the unaffected manufacturing divisions, i.e. the

manufacturing divisions that did not exhibit significant change in the post-Brexit period

as well as they have insignificant regression coefficients in table 2.7. These manufacturing

divisions are manufacture of machinery and equipment, manufacture of fabricated mate-

rials, manufacture of rubber products, manufacture of textiles, manufacture of wood and

products of wood and cork, manufacture of food products and manufacture of paper and

paper products.
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Figure 2.5: The losing manufacturing divisions.

I follow Born et al. (2019) in constructing the shaded area as 2 standard deviations of the difference between the UK and
the synthetic UK in the pre-Brexit period.
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(1) (2) (3) (4) (5) (7)
Affected Division Impact (λ) DiD (δ) Number of employees Unaffected Division Impact (λ) DiD (δ)

Wearing apparel −0.276∗∗∗ −0.341∗∗∗ -7,486 Machinery and Equipment 0.0001 −0.018
(0.039) (0.031) (0.015) (0.032)

Other transport equipment −0.048∗∗∗ −0.043 -7,583 Fabricated metals 0.001 0.025
(0.009) (0.031) (0.011) (0.021)

Motor vehicles −0.093∗∗∗ 0.093∗∗∗ -14,878 Wood and products of wood and cork 0.010 0.024
(0.013) (0.004) (0.026) (0.025)

Chemical products 0.058∗∗∗ 0.002 6,939 Rubber and plastic −0.033 −0.027
(0.014) (0.017) (0.030) (0.023)

Computer −0.050∗∗∗ −0.078∗∗∗ Food products −0.017 0.005
(0.015) (0.024) (0.017) (0.012)

Printing −0.139∗∗∗ 0.002 Textiles 0.043 −0.004
(0.025) (0.006) (0.027) (0.039)

Non metallic mineral products 0.094∗∗∗ −0.090∗∗∗ 7,242 Paper and paper products −0.019 −0.023
(0.016) (0.019) (0.013) (0.035)

Furniture 0.055∗∗∗ 0.096∗∗∗ 8,684
(0.016) (0.025)

Electrical equipment −0.183∗∗∗ −0.071∗∗∗ -13,511
(0.028) (0.022)

Table 2.7: Regression estimates of the impact of Brexit vote.

Column 1 reports the OLS estimates of equation 2.2.3, of log employment for each manufacturing division using HAC-SE
regression. The standard errors are reported in parentheses. The significance codes are ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
Columns (2) shows the estimation of the DiD equation: Yit = β0 + β1UK + β2dt + δ(UK × dt) + ϵit
Column (3) is the multiplication of the column 1 and the average number of employment per manufacturing division in
the post-Brexit period obtained from the ONS.

2.4 Robustness Check

In this section, I perform a series of robustness tests to check for the validity of the results

I obtained for the UK total manufacturing sector employment. I perform time placebo

test, country placebo test and Mean Square Error (MSE) test and leave one control unit

out test. My results show that the variation between the UK and the synthetic UK series

after 2016 Q2 can be attributed solely to the impact of the Brexit vote.

2.4.1 Time placebo test

I assign the Brexit vote to a different period, 2014 Q1 and investigate if the UK had

any significant changes in comparison to its synthetic counterpart. Figure 2.6 displays a

plot of the UK and synthetic UK total manufacturing sector employment, with a placebo

Brexit taking place in 2014 Q1. The plots show that there is no significant divergence

between the UK and its synthetic counterpart after 2014 Q1. This provides evidence

that the divergence in figure 2.3 is due to the impact of the Brexit vote. I also perform
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a time placebo test for each of the manufacturing divisions. Figure A.2 shows that when

assigning the Brexit vote to a different year, the manufacturing divisions did not exhibit

any significant change. Therefore, the impact illustrated in section 2.3.1 can be attributed

as a causal impact of the Brexit vote on the manufacturing divisions employment.
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Figure 2.6: In time placebo test.

Assigning the Brexit vote to a different period, 2014 Q1. The in-sample period used in estimation of the weights is from
2010 Q1 to 2013Q4. The predictors used for matching are GFCF share, employment share, manufacturing value added,
the employment index. The predictors are averaged for the period 2010 Q1 to 2013 Q4. I follow (Born et al. 2019) in
constructing the shaded area as 2 standard deviation of the difference between the UK and the synthetic UK in the pre-
Brexit period.

2.4.2 Country placebo test

To assess the significance of my estimates, I conduct permutation test by applying the

synthetic control method to the countries in the control group. As the countries Hungary,

Germany, Norway, Denmark and Spain account for almost 80% of the synthetic UK, in

each iteration, I assign the Brexit vote to one of these countries, shifting the UK to the

control group. That is, I am interested in the gap, Y1t−Ŷ N
1t , between each country of these

countries and its synthetic counterpart. This gap is an indicative of the treatment effect.

The main purpose of this exercise is to understand whether or not the estimated effect of

the Brexit vote discussed earlier is large relative to other countries in the control group

that were not affected by the vote. The coloured lines in figure 2.7 show the difference
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between each country in the control group and its synthetic counterpart, while the black

line is the gap between the UK and its synthetic counterpart. As shown in figure 2.7

the gap for the UK’s employment is more negative than the gaps for the countries in

the control group. Although the gap between Norway and its synthetic counterpart is

negative after 2016 Q2, this country has a fluctuating series in the whole sample, with a

negative gap in the pre-Brexit period as well. That is to say, no other countries in the

donor pool were affected to the same extent as the UK.
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Figure 2.7: Country placebo test.

Employment gaps in the UK and placebo gaps for the main countries with non-zero weights. For each iteration, the UK
is removed from the estimations of the control group country weights.

To verify my results that none of the countries in the control group were affected in a

similar way to the UK, I calculate the ratio of the post-Brexit vote MSE to the pre-Brexit

MSE in the next section and the p-value to test the null hypothesis that the Brexit vote

had no effect of on the UK manufacturing sector employment.

2.4.3 Mean Square Error test

Another way to measure the robustness of the results, is to compute the ratio of the

post-Brexit MSE to the pre-Brexit MSE for the United Kingdom and the countries in

the control group. The MSE measures the lack of fit between the treated unit and its
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synthetic counterpart. This ratio can be calculated as:

MSEj,post−Brexit
MSEj,pre−Brexit

=

(∑T
t=T0+1

(
Yjt − Ŷ N

jt

)2
)
/ (T − T0)(∑T0

t=1

(
Yjt − Ŷ N

jt

)2
)
/T0

, (2.4.1)

Where
(
Yjt − Ŷ N

jt

)
is the treatment effect. This ratio of the MSE is estimated for each

country in the control group. Having big value for the ratio indicates that there is a di-

vergence between the trajectories of the treated unit and the synthetic control unit. Since

the pre-intervention period had a close fit between the UK and its synthetic counterpart,

thus the pre-brexit vote MSE is small. The ratio of the post-Brexit vote MSE to the

pre-Brexit vote MSE indicates the effect of the Brexit vote in the post 2016 Q2 period.

As illustrated in the previous section, I assign the treatment, Brexit vote, to all the coun-

tries in the control group. I then estimate the ratio of the post-Brexit vote MSE to the

pre-Brexit vote MSE for each of the control units as illustrated in 2.4.1. This algorithm

calculates the ratio for all the countries in the control group including the ones with very

small weights. I compare the ratio of the post-Brexit vote MSE to pre-Brexit vote MSE of

these countries to that of the United Kingdom (UK). Having a large ratio indicates that

the gap between the treated unit and its synthetic counterpart in the post-Brexit vote

period is greater than the gap in the pre-Brexit vote period. Figure 2.8 displays that the

UK stands out in comparison to the other donor countries. As displayed, the UK has the

largest ratio, whereas the post-Brexit gap is 21 times the pre-Brexit gap. Therefore, this

illustrates the causal impact of the Brexit vote on the aggregate manufacturing sector

employment.

To calculate the p-value as illustrated in 2.4.1, if one were to pick a country at random

from the sample the chances of obtaining a ratio as high as that of the UK is 1
12

≈ 0.08.

Therefore a rejection of the null hypothesis that the Brexit vote had no impact of the UK

total manufacturing sector employment. When doing the same robustness exercise for the

winning and losing manufacturing divisions figures A.3 display the results. As displayed

that the UK outperforms all other control units for all the divisions with exception

manufacture of non metallic mineral products, manufacture of computer and manufacture
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Figure 2.8: Ratio of post-Bexit MSE to pre-Brexit MSE.

Synthetic control algorithm is estimated for the United Kingdom and the 12 countries of the control group. Having biggest
value of MSE ratio for the UK indicates the causal effect of the Brexit vote on manufacturing sector employment. The
Pre-Period is from 2013 Q1 to 2016 Q2. The Post-Period is from 2016 Q3 to 2019 Q4.

of electric equipment. That is to say, the p-value for the divisions where the UK post-

Brexit MSE ratio is the greatest is in the range of 0.08 to 0.091, hence the null hypothesis

that the Brexit vote had no effect on these sectors employment can be rejected.

2.4.4 Leave one control unit out test

Another robustness check that can be made is to test the sensitivity of our main results to

changes in the country weights W ∗. If one to choose three countries to construct the syn-

thetic UK total manufacturing sector employment index, these countries will be Hungary,

Norway and Spain. I iteratively re-estimate the synthetic UK total manufacturing sector

employment by omitting in each iteration one of the countries from the three countries

of the control group and recalculate the weights. Alternatively, when re-estimating the

model, synthetic UK can be formed of Hungary and Norway only. Figure 3.13 displays

that my results of the total manufacturing sector employment is robust to the exclusion

of any particular country from our control group. Although there can be small variation

between the synthetic UK (in red) and the individual iterations (in grey), and synthetic
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UK leave Hungary out. The conclusion remains the same, that the Brexit vote caused

a decrease in employment in the UK manufacturing sector even when taking out the

country with the highest weight.

Synthetic control combination Countries and W-Weights
Three units control group Hungary Norway Spain

46% 35% 22%
Two units control group Hungary Norway

52% 48%
One unit control group Hungary

100%

Table 2.8: Leave one control out exercise.

The baseline model is re-estimated iteratively to show the countries that contribute the most to the sparse version of the
synthetic UK.
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Figure 2.9: Leave one control unit out

2.4.5 Change in Covariates

I change the specification of the synthetic control estimation such that the synthetic

control unit is estimated using two approaches. The first approach is based on economic

covariates along with all the pre-intervention lags of the dependent variable (Billmeier

and Nannicini 2013; Bilgel and Galle 2015; Stearns 2015; Villar and Papyrakis 2017;

Pellegrini et al. 2021; Papyrakis et al. 2023). The second approach is based on using

all the pre-intervention lags only, without the inclusion of economic covariates (Ferman

et al. 2020; Breinlich et al. 2020; Botosaru and Ferman 2019). As displayed, across all the

specifications and the original estimation of the synthetic control in figure 2.3 the results
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are unchanged, the UK significantly under perform its synthetic counterpart following

the Brexit referendum till the end of the sample.
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(a) Synthetic UK, with economic covariates and all lags of
dependent variable
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(b) Synthetic UK, with all lags of dependent variable as pre-
dictors and no economic covariates

Figure 2.10: Covariates Robustness Check

2.5 Discussion

Having shown the results and performed a series of robustness checks to validate the

main results of the paper, I now present the discussion to explain these results and

illustrate how practitioners and policymakers can benefit from the use of these results.

As highlighted above, the main question that this paper aims to answer is “What if the

Brexit vote never happened?” In another words, How will the manufacturing sector as

a whole and key manufacturing division’s employment be looking like in the absence

of the Brexit vote. As estimated above, the referendum resulted in a 3.6% decrease

in employment in the manufacturing sector. This can be explained by factors such as

losing contracts, increasing imports costs and economic uncertainty associated with the

Brexit deal negotiations. Using the NiGEM model of the NIESR, Erken et al. (2018)

shows that Brexit could result in unemployment raising from 4.6% in 2018 to 6.2% in

2020. Fetzer and Wang (2020) find that local areas that depend highly on manufacturing

were affected the most from the Brexit vote. Similarly, Davenport and Levell (2022)
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show that men are more exposed than women to Brexit effect as they are more likely to

work in manufacturing industries that are affected by the Brexit trade barriers. More

than one in five British manufacturing companies are expected to lay off workers as a

result of the Brexit referendum (Politico 2018). A report by the Chartered Institute

of Procurement and Supply data found that 11% of manufacturers say that they have

already lost contracts as a result of the Brexit referendum (The Guardian 2018). As

illustrated by Breinlich et al. (2020) that as a result of the Brexit vote, outward FDI

from the UK to the EU has increased as firms shift their operations outside the UK. The

vulnerability of each manufacturing division varies based on their share of trade with the

EU as well as the share of EU labour in their labour force. The EU labour constitutes

significant number of the British labour market. For instance, out of around 2.5 million

jobs that were added to the UK in 2005-15, 2.2 million were supplied by immigrants, with

nearly 60% originating from the EU (Kierzenkowski et al. 2016). A survey conducted

with EU nationals working in the UK found that 52% of those earning £50,000-£100,000

said they would leave the UK or were thinking about it (KPMG 2017b). Minford (2015)

postulates that as a result of Brexit, manufacturing sector will be eliminated with regard

to the service sector. The chair of the CBI’s manufacturing council, indicated that some

manufacturing companies are putting their investment and hiring decisions on hold given

the uncertainty over Brexit (Financial Times 2018a). This involves delay in capital

investments for the UK manufacturing sector, this delay in the investment is similar

to the option value of (Bloom 2009) that during uncertain times, firms reduce irreversible

investment decisions. As highlighted by Born et al. (2019) and Bloom et al. (2019) the

Brexit referendum constitutes an uncertainty shock to the economy as the details of

the Brexit are unclear to the businesses. In a survey to business executives, Bloom et al.

(2017) find that employment growth is likely to slow down with a chance of 30% reduction

in employment in 2017Q4. Similarly, as illustrated in figure 2.11 below the proportion of

the respondents who indicated that Brexit is either the largest source of uncertainty or

among the top three sources of uncertainty increased overtime. This uncertainty weigh

on investments and business hiring decisions for the manufacturing sector in general and

different manufacturing divisions based on their exposure to the EU. It is possible to
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argue that some of the manufacturing divisions could have benefited from increase in

domestic projects especially the projects that are related to government infrastructure

projects during the post-Brexit period. These infrastructure investments such as the

development of new roads, airports and rail networks require the engagement of various

manufacturing divisions to supply the necessary materials, equipment and components.

As the government prioritised infrastructure development in the years following the Brexit

referendum, this is likely led to offsetting some of the negative impacts of the Brexit

referendum on different sectors in the economy.
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Figure 2.11: Brexit as a source of uncertainty for own business

Brexit as a source of uncertainty. Data are based on responses to the question: “How much has the result of the EU
referendum affected the level of uncertainty affecting your business?”. The four response categories are: i) not important,
ii) one of many drivers of uncertainty, iii) one of the top two or three drivers of uncertainty for our business, iv) the largest
current source of uncertainty for our business. Source: Decision Making Panel (DMP), Bloom et al. (2019) .

Although the counterfactual analysis is conducted for the sixteen manufacturing di-

visions, I will be focusing my analysis on the two divisions that are the biggest winners,

the manufacturing of non metallic mineral products and and the manufacture of chemical

products and the two divisions that are the biggest losers, manufacture of wearing apparel
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and manufacture of motor vehicles. The four manufacturing divisions to be investigated

have significant share of economic activity such that they account for almost 20% of the

manufacturing sector labour force and almost 25% of the manufacturing sector output.

Therefore, the effect of the Brexit referendum on these divisions needs to be investigated

to understand why they are winners or losers.

In a survey by the Society for Motor Manufacturers and Traders (SMMT) that was

conducted before the Brexit referendum, 70% of its members expect Brexit to have a

negative or very negative medium to long-term impact on their business operations,

SMMT (2014). The UK house of commons discussed the negative impact the Brexit

vote may have on the manufacture of motor vehicles in general and the Automotive

industry in particular, such that the Brexit vote will affect the supply of highly skilled

labour and engineers from the European Union. The government acknowledged that

in the short run, the current government engineering apprenticeships are unlikely to

compensate for the shortfall resulted from the leakage of skilled European labour (House

of Commons Business, Energy and Industrial Strategy Committe 2018). Around 10%

of the workforce in the motor vehicles division is from EU27 countries, this number can

increase to 30% in some parts of the industry (The UK in a Changing Europe 2020).

That is to say, the Brexit referendum could have severe negative effect on the motor

vehicles division, this corroborates with the findings illustrated in the previous section.

In a similar manner, 58% of the British-made vehicles exported go to the EU (KPMG

2017a). These reports also highlight that automotive companies rely on the movements

of skilled labour from European countries to the UK to support projects such as new

vehicles launches. Restrictions on the free movement of labour can negatively affect this

division. Financial Times (2019) reported that the UK car production almost halved in

April 2019, after car companies shut down factories during the month in the expectation

that the UK would have left the EU as planned on March 29. Honda and Nissan started

to move some of their plants outside of the UK and some of the key players in the industry

such as Toyota, BMW and Jaguar Land Rover have trade with the EU, and stress the

importance of the free trade with the EU. Jaguar Land Rover confirmed to cut 4,500 jobs

of its UK plant in 2019, while Nissan closed part of its Sunderland plant resulting in 2800
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jobs lost (IBIS World 2020b). 90% of firms in the car manufacturing industry reported to

the Society of Motor Manufacturers and Traders that their operating costs has increased

as a result of leaving the EU, (The Guardian 2021). Hancké (2018) discussed that for

the automobile industry, parts in an average car cross the English Channel several times

before they end up in the final product. Introduction of tariffs as a result of Brexit

will make car manufacturing more expensive, which could result in manufacturers to

shift their production outside the UK.10 This can be illustrated by figure 2.12, where as

following the Brexit referendum, there has been a persistent decline in the output in the

motor vehicle manufacturing industry measured by the SMMT volume percentage growth

in motor vehicle manufacturing. As this division drives innovation and technological

advancements, R&D in complex automotive engineering, design and sustainability, any

changes in the structure of this division or the withdraw of big players could affect

the competitiveness of the wider manufacturing sector. The results highlighted by the

application of the synthetic control method to this division, which demonstrates that

the employment in this division was severely affected, confirm the actual findings of the

negative effect this division suffered from as a result of Brexit.

Manufacturing of wearing apparel division includes industries such as clothing and

textiles. This division is highly reliant on trading with the EU. The industry worth £32

billion and employs more than 890,000 person. The EU-UK textile trade was worth £14

billion in the period 2014-2016, on average the UK imported £8.7 billion and exported

£5.3 billion worth of products and 74% of the exports of the fashion and textile were to

the EU (BFC 2019; Casadei and Iammarino 2021). In terms of employment, this division

depends on EU talented labour such as fashion designers and sewing machinists and

70% of the London clothing manufacturing firms labour force comes from EU countries

(UKFT 2019). Tariffs and duties related to clothing and textiles with the EU are high

such that EU duties are 4-5% for yarns, 8% for fabrics and 12% for clothes. Therefore,

any trade barriers imposed as a result of the Brexit referendum can affect this industry

severely. A recent survey by the UK Fashion & Textile association found after the UK

formally left the EU, 98% of UK fashion and textile companies have suffered difficulties

10The Guardian (2017), tracked the assembly of Mini Cooper in the UK, to find that the parts used in this car crossed
the English Channel three times.
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Figure 2.12: Growth in the SMMT’s car production.

Manufacture of motor vehicles, trailers and semi-trailers. Source ONS.

during their trade with the EU, these difficulties are in terms of increase of trade tariffs,

freight costs and customs clearing (UKFT 2021). Gasiorek et al. (2019) highlight that

textiles, apparel and footwear also appear likely to experience relatively large declines in

their output and exports due to their high reliance on the EU trade. The depreciation of

the sterling pound caused an increase in the prices of imported materials. The clothing

manufacturing industry in the UK had a decrease in its revenues in 2017 by 22.5% and in

2018 by 8.5% in comparison to the previous years. Similarly, the exports and imports of

this manufacturing division decreased by their greatest amounts in 2016 and 2017 since

2008, as exports decreased by 23.4% and 37.3%, and imports decreased by 31.2% and

29.9% in 2016 and 2017 (IBIS World 2020a). This slowdown in this division’s performance

resulted in a decrease in the level of employment. Figure 2.13 shows that the monthly

manufacture of wearing apparel output for this manufacturing division has decreased in

the post-Brexit referendum period, reaching its lowest value of 159.1 million by December

43



CHAPTER 2. THE WINNERS AND LOSERS OF BREXIT: UK MANUFACTURING SECTOR
ANALYSIS

2018. (Lawless and Morgenroth 2019) calculates the sectoral level elasticity to change

in tariffs, they found that the wearing apparel division has a median tariff elasticity

of -10.5%. Therefore, this reliance on the EU market and labour and the uncertainty

associated with the Brexit referendum explain the synthetic control results of why this

manufacturing divisions is the biggest loser.
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Figure 2.13: Manufacture of Wearing Apparel.

Values are in £Millions. Source ONS.

Manufacture of non-metallic mineral products is a winner manufacturing division in

the post-Brexit referendum period. The divisions largest product segment is road con-

struction and resurfacing products, this includes the manufacture of asphalt and road

surfacing products, this makes the sector to be heavily reliant on public sector invest-

ment in major infrastructure projects. In addition to this, this division’s subsectors are

highly dependant on the construction market as they include manufacture of insulation

materials, roofing and waterproofing materials, and bricks, mortar, glass. The UK gov-

ernment has invested heavily in infrastructure projects since the Brexit referendum. For
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example, the UK government invested £1.5bn on the upgrade of the A14 Cambridge to

Huntingdon motorway as well as another £1.5bn part of constructing smart motorways

across England (Highways England 2017). These infrastructure investments are made

through British companies in this division such as Tarmac Group. Moreover, the rapid

rise in new residential housing construction projects in the UK that was boosted by several

government initiatives to encourage first time buyers to get on the property ladder such

as the Help to Buy and Shared Ownership Schemes could have benefited some industries

in this division. This resulted in an increase in the demand for construction materials,

which are produced by some of the industries in this manufacturing divisions (ONS 2021).

These developments in the domestic UK economy could explain the behaviour of the em-

ployment in this manufacturing division following the Brexit referendum, which shows

that this manufacturing division is the biggest winner with an increase in its employment

by 9.1%.

Manufacture of chemical products may have certain characteristics or attributes that

make it less responsive to the negative effects of the Brexit referendum. For example,

the sector relies heavily on exports, being the second largest net exporter manufacturing

division (Chemical Industries Association 2018), the devaluation of the Sterling pound

makes the exports of this division attractive in international markets. Additionally, this

division may have a strong domestic market demand, resilient supply chains, or special-

ized production capabilities that allow it to adapt more effectively to changing economic

conditions (Grylls 2020). These factors can contribute to maintaining or even increasing

employment levels within the sector despite the uncertainties brought about by Brexit.

This division has shown significant overperforming in comparison to its synthetic coun-

terpart in the post-Brexit period. Although this positive impact could only be short

lived, companies in the manufacturing of chemical products sector will face the burden

of duplicating and reconstructing data on product safety and compliance. As the UK is

departing from the EU, it will no longer follow the European Union’s chemical regula-

tion system known as REACH. The creation of UK REACH will require extensive and

costly filings, potentially adding up to £1 billion in fees and expenses over several years.

This regulatory change not only poses financial challenges but also introduces additional
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bureaucratic hurdles for businesses operating in the sector (The New York Times 2021).

While many reports published by industry and governmental bodies have looked at the

size of the industries and their reliance on the EU, the analysis of this paper goes beyond

this by using counterfactual analysis to estimate how employment in each sector could

have looked in the absence of the Brexit referendum. This approach allows economists

and policymakers to better understand the true extent of the Brexit loss or gain for

each divisions to provide more understanding of the impact of the referendum on the

manufacturing sector.

Government Economic Policy

The manufacturing sector plays a vital role for the UK economy, it contributes to the UK

with a share of 10% of its output. It contributes to 50% of the UK exports and drives

business-led research and development (R&D). As the UK departs from the EU and

negotiates trade and labour movements arrangements, it will encounter both challenges

and opportunities for the manufacturing sector. The UK policy makers should be made

aware of the manufacturing divisions that have been affected in the three years following

the referendum. HM Government (2017) highlighted in a white paper the need to support

domestic manufacturers and businesses as the UK leaves the EU, this includes investment

in sectors that were affected from the departure from the EU as well as the new “high

value” manufacturing industries. The results obtained in the previous section of the

paper provide policy implications for the government to support the affected sectors

and to mitigate the potential negative consequences of Brexit. More specifically, the

result suggest that the government can offer appropriate training and support to British

labour to develop the technical and transferable skills needed to find work in the affected

sectors. In addition to this, by understanding the divisions that were hit hard as a result

of Brexit, the UK government support should not be limited to financial support it should

consider promoting tax incentives, R&D subsidies and R&D tax credits, investing in High

Value Manufacturing (HVM) catapult centres and skill development programs. This also

involves the consideration of technology development and investing in new areas that are

not reliant on EU policies and labour such as AI and robotics and green investments.
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The UK government has been prioritising the manufacturing sector in its negotiations

with the EU. The government needs to be informed about the divisions that were af-

fected the most during the Brexit transition period so that they can support the affected

divisions. Potential changes in immigration policies after Brexit may have impact on

the manufacturing sector employment. Figure 2.14 below displays the new national in-

surance registrations for EU citizens in the UK. The figure shows that after the Brexit

referendum, specifically after 2016 Q4, the number of new national insurance registra-

tions dropped to the lowest levels and did not rebound until the end of the sample. This

can be explained by factors such as the UK businesses slowed down after the Brexit refer-

endum, UK businesses are shifting their operations outside the UK or to imply that the

stock of European workers in the UK is decreasing, causing a shortage in skilled labour.

The UK government should ensure that the new arrangements with the EU allow for the

flexible movement of workers from the EU to avoid any skills gap in the affected division

as training British labour to fill this gap could take time. This decrease of in flow of

new EU labour to the UK could result in a weaker economy due to the loss of skilled

labour who can move to other EU countries, this could result in reduction of the pool of

skills which could efficiently be combined in the production. This will not only decrease

productivity, but also could result in structural unemployment over the long run. The

government needs to interfere in order to fill the shortage of skilled labour arising. For

instance, the government can interfere by providing appropriate training and support to

British labour, to develop the technical and transferable skills needed to find work in the

affected sectors. In terms of the manufacturing sector, this paper helps the government’s

policymakers by identifying the manufacturing divisions that need support to hire skilled

labour. The UK government announced the “Apprenticeship Levy Scheme”, where com-

panies with a pay bill of more than £3 millions to put aside an equivalent of 0.5 per cent

of this total for levy-approved training schemes (Financial Times 2018b), the purpose of

this campaign is to train labour with the needed skills to boost productivity. By identi-

fying the manufacturing divisions that were affected by the Brexit referendum in terms

of employment, the government can support the training for skilled labour. In addition

to this campaign, the UK government launched National Manufacturing Competitiveness
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Levels (NMCL) program in order to develop and strengthen the overall competitiveness

of the UK manufacturing sector through providing targeted support to individual busi-

nesses. The results of this paper in terms of addressing the affected divisions can help the

government in facilitating improvement across various aspects of operations to enhance

the performance and growth potential of manufacturing sector.

The findings of this paper are relevant to the policymakers who aim to support the

manufacturing divisions that are affected from the impact of the Brexit vote. The UK

contributes roughly £8 billion pounds annually to the EU budget. As result of Brexit,

the government will have £8 billion pounds net budgetary savings that could be spent

on supporting manufacturing divisions to mitigate the negative impact of Brexit on the

UK economy (Erken et al. 2018). The financial support that was introduced by the

UK government during the transition period did not take in consideration any additional

support to compensate for the loss of the EU skilled labour. For instance, in August 2019,

the UK government outlined the introduction of operation Yellowhammer, a 2.1 billion

pound contingency plan in response to the anticipated short-term disruption in the event

of a no-deal Brexit.11 On the other hand, the minister responsible for the management of

a no-deal Brexit announced the introduction of a financial package known as operation

Kingfisher to offer support to businesses and industries affected from the no-deal Brexit.12

As a part of the “Get Ready for Brexit” campaign, the government announced financial

helps for businesses to prepare for Brexit. The government announced the availability of

1.3 billion pounds to lenders in guarantee schemes - via the government-owned British

Business Bank to support small and medium-sized businesses. The government also

introduced the Brexit Readiness Fund to help business group and trade associations to

support business preparing for Brexit. None of the government initiatives outlined extra

support for sectors affected from the loss of labour due to Brexit, thus in this paper I

shed light on the manufacturing sector to outline the extent of damage it suffered as

a result of the Brexit vote. When the government considers an intervention, it should

take in consideration the long term vision on how this can affect each division separately,

11Information about this plan is available on https://assets.publishing.service.gov.uk/government/uploads/

system/uploads/attachment_data/file/831199/20190802_Latest_Yellowhammer_Planning_assumptions_CDL.pdf.
12The government did not announce the amount of money available in this bail out fund nor the channels on how the

funds will be delivered to struggling businesses.
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as each division reacts to the events of no deal Brexit heterogeneously. The degree of

internationalisation of each division can affect the degree of financial support businesses

can receive.
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Figure 2.14: National insurance registrations for non-British nationals

Source: Office of National Statistics

2.6 Conclusion

In this paper, I investigated the impact of the outcome of the Brexit referendum on

the employment in the aggregate UK manufacturing sector and sixteen dis-aggregate

manufacturing divisions using synthetic control method. By providing empirical evidence

and policy implications based on this analysis, this paper adds valuable insights to the

ongoing debate surrounding Brexit and its impact on the UK economy.

The results show that the UK total manufacturing sector’s employment decreased

by 3.6%. However, this effect is heterogeneous across manufacturing divisions due to

their different exposure to the EU. Six manufacturing divisions were negatively affected,

with manufacturing of wearing apparel division the biggest loser. Three manufacturing

divisions benefited with manufacture of non metallic mineral products is the biggest

winner. These heterogeneous effects were due to several factors such as the slowdown in

the manufacturing sector following the referendum, shift of business operations outside

the UK to benefit from the access to the EU single market and the shortages of the EU
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migrant labour.

The results of this paper add to the existing body of knowledge on the impact of

Brexit on the manufacturing sector in the UK by providing empirical evidence and policy

implications. The paper mainly looks at the short run effects of the Brexit vote with

the analysis stopping at 2019 Q4 to avoid the COVID-19 shock. The COVID-19 shock

resulted in many businesses laying off their employees as well as employees not coming

back to the labour force due to suffering from “long COVID-19”. It is hard to expand

the analysis beyond 2020 as disentangling the effect of Brexit only will not be possible.

This work is particularly relevant in the current political climate, as the UK continues

to negotiate its future relationship with the EU and the manufacturing sector continues

to face uncertainty regarding its access to skilled labour and markets. These results

provide valuable information to policymakers about manufacturing divisions that require

the most support from the impacts of the Brexit vote.
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Chapter 3

Land Tax Holiday and House Prices:

Evidence from the UK

Abstract

This paper provides evidence on the impact of the Stamp Duty Land Tax holiday on

house prices in the UK using synthetic control methodology. I postulate that the tax

holiday caused an increase in the UK house prices by annual rates of 2.11% and 2.96%

in 2020 Q4 and 2021 Q1. On a regional level, the paper document regional heterogeneity

in the impact of the tax holiday on house prices. All the UK large regions exhibited an

increase in the house prices except for Greater London. The findings of this paper suggest

that the pandemic caused city-dwellers to move out of big cities to the countryside and

coastal cities, driving their house prices to increase.

3.1 Introduction

On the 8th of July 2020, the UK Chancellor of the Exchequer announced an immediate

holiday on the Stamp Duty Land Tax (henceforth, SDLT), one of the oldest UK taxes, for

England and Northern Ireland for properties sold at a price of up to £500,000. Scotland

and Wales applied holiday on the Land and Building Transaction Tax (LBTT) and Land

Transaction Tax (LTT) for properties up to £250,000. The tax holidays were scheduled to

end on 31st of March 2021 for all four nations. However, England, Northern Ireland and
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Wales decided to extend the tax holiday until 30th of June 2021, with a lowered threshold,

£250,000, until the end of September 2021 and a reversion back to normal rates on 1st of

October 2021, such that the first £125,000 are taxed at the nil rate, the next £425,000 is

taxed at 5 percent and the remainder £575,000 is taxed at 10 percent. The government

goal with this tax holiday is to stimulate the housing market and therefore the economic

activity. Figure 3.1 displays that by June 2021, the SDLT receipts reached historical high

levels.
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Figure 3.1: SDLT receipts in millions.

In this paper I evaluate the impact of the SDLT holiday by investigating the behaviour

of the UK housing market during the period of the SDLT holiday. As the SDLT con-

stitutes a natural experiment, it was unexpected and came in force with an immediate

effect. To answer this question, I develop a counterfactual scenario based on the synthetic

control method (Abadie and Gardeazabal 2003; Abadie et al. 2010; Abadie et al. 2015).

Essentially, I will compare the developments of UK house prices to a donor pool that

include OECD countries and regions that did not impose such tax holidays. The main

assumption of the synthetic control method is that the synthetic control unit would have

continued to behave in the same way as the treated unit in the absence of the SDLT

holiday. The synthetic control methodology enables the weights assigned to the control

group to be determined using a data driven approach, so that the behavior of the syn-

thetic control unit best resembles the UK economy and as closely as possible before the
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SDLT holiday.

I find that the synthetic control units track the behaviour of the UK and its large

regions house price index prior to the tax holiday, providing a good benchmark for evalu-

ating the impact of the SDLT holiday. My results show that in the two quarters following

the SDLT holiday, the aggregate UK House Price Index (HPI) increased by annual rates

of 2.11% and 2.96% relative to its synthetic counterpart. This increase reflects the boost

the SDLT holiday caused the UK housing market. The aggregate analysis should be

complemented with regional level analysis to take into consideration the regional hetero-

geneity. Ashworth and Parker (1997) point out that it would be misleading to assume

that the housing markets in all the UK regions operate in the same way. Carlton (1981)

is one of the earliest papers to address the spatial heterogeneity of property taxes, his

theoretical model shows that property taxes disproportionately affect values of housing

close to the central business districts more than those which are far.

The regional differences of the housing market indicate that the response to the SDLT

holiday will be heterogeneous across regions. The response of different regions to the

SDLT holiday can be influenced by a combination of regional housing market character-

istics, affordability considerations, and broader economic factors such as local economic

performance, regional policies and demographics and housing supply-demand dynamics.

Although the SDLT is a tax on mobility that discourages residential moves and labor

markets (Hilber and Lyytikäinen 2017b). The working from home mandate that was

introduced at the start of the COVID-19 pandemic caused individuals to value bigger

houses with spaces to be made into offices. A survey by the UK’s leading property portal

Zoopla found that lockdown has changed home hunters’ priorities with 46% of respon-

dents having requirements that must include more outside space. Moreover, Bank of

England suggests that working from home caused houses outside city centres to become

more valuable (Bloomberg 2021). When evaluating the impact on a regional level, the

results of this paper confirm the hypothesis that the pandemic and working from home

caused residents to move out from big cities in favour of the countryside and coastal cities.

I answer the question of “What if the SDLT holiday never happened” by looking at the

agregate UK house prices and the 12 Nomenclature of Territorial Units for Statistics 1
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regions (henceforth NUTS 1). These 12 regions are made of the three nations, Scotland,

Wales and Northern Ireland and the nine English regions. I show that all the 12 NUTS 1

regions of the UK, with exception of Greater London, had an increase in their house price

indices with Wales, North West of England and North East of England gaining the most

in the two quarters of the tax holiday. Although Greater London exhibited an increase

of 1.03 percent in its house prices in 2020 Q4, there was a decrease in the house prices by

1.48 percent in 2021 Q1. The effect of the SDLT holiday is measured by the difference

between the treated unit and its synthetic counterpart. Sales data on Zoopla show that

buyers have moved from London and big cities in England to countryside locations such

as Ryedale in Yorkshire, Herefordshire in West Midlands, Sevenoaks in Kent and the

Cotswolds (Zoopla 2020b). These results confirm the findings of a growing literature on

the impact of COVID-19 work displacement and the housing market in the U.S, as a

result of the work from home mandate, the housing demand reallocates away from major

city centres towards lower density areas, pushing the house prices in the central business

districts to decrease (Ramani and Bloom 2021; Sitian Liu and Su 2021; Rosenthal et al.

2022).

The results of this paper also confirm the economic theory that agents respond to

property taxes by “bunching”, increasing their property transactions just below or around

the tax thresholds. Best and Kleven (2018) show that temporary tax stimulus by reducing

the tax rate causes both timing and extensive margin effects. The timing effect indicates

that the agents are induced to shift their purchases forward for the period of the tax cuts,

while the extensive margin effect indicates that the agents that were indifferent between

buying in the period of the tax cuts and never buying are induced to buy in the period

of the tax cuts. This has a positive impact on the house prices as it results in a sudden

increase in the property demand.

This paper contributes to a growing body of research by policymakers and academics

about SDLT and the impact that the SDLT holiday had on the UK economy. The nature

of this tax is that it must be paid in full by the purchaser of the property at the time of

the purchase and can not be funded by the mortgage, which increases the amount needed

for the down payment of the property purchase (Seely and Keep 2017). Oates (1969) was
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one of the earliest literature to show that higher property tax rates depresses the housing

markets as property taxes and public spending are capitalised into the house prices. SDLT

has been debated in the housing economics literature as it is viewed as being an inefficient

form of tax as it affects employment, productivity and distorts decisions about moving

for existing and first time buyers (Van Ommeren and Van Leuvensteijn 2005). Reducing

housing transactions due to housing market frictions can affect the economy more widely

as housing purchases are associated with a range of economic activities including spending

on home improvements, maintenance and purchase of durable goods.1 The Office for

Budget Responsibility (OBR), calculated semi-elasticities for property prices to changes

in SDLT, showing that if the SDLT was cut by 1%, properties worth between £250,000

and £1 million will have an increase in their price by 1.5%. Best and Kleven (2018)

using the UK consumption survey data, estimate that a house transaction triggers extra

spending of about 5% on house prices. Scanlon et al. (2021) using a survey from Family

Building Society highlight that the money saved from the SDLT holiday was spent on

moving expenses and expenditures on furnishing, decorating and appliances, which could

have stimulated the economy by an average of £2.2 billion. Family Building Society

surveys show that SDLT holiday caused a 50 percent increase in transactions, leading

to better housing stock. Arnold (2020) stipulates that if the SDLT holiday was made

permanent, house prices would be an average 1.3% higher than they otherwise would have

been. This is because as a result of the removal of SDLT, the demand for properties will

increase causing house prices to increase by some proportion of the tax eliminated. In

comparison to these papers, I evaluate the impact of SDLT holiday on the aggregate and

regional houses prices by performing a counterfactual analysis, identifying heterogeneity

in how the housing market responded. The only paper that used a counterfactual analysis

in the context of SDLT was Besley et al. (2014), investigating the impact of SDLT holiday

of 2008-2009 using Difference in Difference methodology with the control group as the

transactions in the next taxable bracket. They show that the tax holiday caused an

increase in the number of transactions by 8% and a decrease to the after tax house

purchase prices by 0.7%. In contrast, I evaluate the impact of SDLT cuts, using a control

1House Builders Federation report in 2017 found that over a third of homeowners surveys spend between £10,000 -
£40,000 on upgrading their recently purchased homes.
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group of OECD countries that did not have such tax cuts, by asking if the house prices

in the UK would have increased in the absence of this tax holiday.

This paper also adds to a growing literature that studied the use of fiscal measures

to stimulate the economic activity out of the lockdown freezes. US COVID stimulus on

economic activity (Bayer et al. 2020; Kaplan et al. 2020). They show that the stimulus

stabilised the economy in the early stages of the recession. Fetzer et al. (2021), looks at

the impact of the UK hospitality fiscal stimulus “Eat Out to Help Out” scheme on the

COVID infection rates, showing that the scheme caused an increase in COVID infections

by up to 17%. In comparison to these papers, this paper is the first to look at the impact

of the fiscal stimulus on the UK housing market on both aggregate and regional level.

The remainder of this paper is organised as follows. Section 3.2 discusses the data

used in the analysis. Section 3.3 describes the synthetic control methodology. Section

3.4 presents the results on the aggregate UK and across all the UK regions. Section 3.5

presents robustness checks. Section 3.6 presents the discussion of the findings. Section

3.7 concludes.

3.2 Data

In order to construct the synthetic control estimates for the house price index for the UK

and across its regions, I rely on the OECD Analytical House Price Indicators dataset.

The control group includes OECD countries and large regions. The data is available up

to 2021 Q1. Stamp duties on property transactions exist in several countries other than

the UK such as Australia, Japan and France. Japan and France had some reliefs in their

property tax systems around the same period as the UK. Therefore, these two countries

are removed from the control group.2 In addition to this, since all the countries in the

donor pool imposed lockdown restrictions and eased the restrictions around the same

time except for Sweden which did not impose any restrictions, I removed Sweden from

the control group.3

SDLT generates important source for tax receipts for the UK treasury. Residential

2Japan introduced deduction measures in property taxes in October 2019 to stimulate its housing market, due to
COVID-19, they were extended until 2022. On the other hand, France introduced property tax reliefs for businesses
affected by COVID-19.

3My results are unchanged when including Sweden in the control group.
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SDLT, not including the LBTT of Scotland, accounts for about 1.3% of HMRC receipts

in 2015/2016 (Scanlon et al. 2017). Historically, the UK introduced a SDLT holiday

by raising the threshold of SDLT from £125,000 to £175,000 in September 2008 until

December 2009 to stimulate the housing market during the great recession. The SDLT

had a major reform in its operation in 2014, changing from a slab tax, also known

as notching structure, where a marginal tax rate is applied to the entire value of the

transaction to a slice structure, applying different tax rates to portions of the property

price that exceeds £125,000. In 2016 an extra 3% was imposed for residential purchases

made by existing homeowners, affecting buy-to-let landlords and buyers of second homes.

SDLT generates an important sources for tax receipts for the UK treasury.

Figure 3.2 displays the number of residential property transactions. It shows that as

the result of the national lockdown restrictions that were introduced in late March, the

number of residential property transactions dropped by more than 56% in April 2020.

As a result of the relaxation of the rules, the number of transactions started to increase

from June 2020 onwards. According to Besley et al. (2014) the time lag between the

date agreeing on the purchase price and the date completing the housing contract is 60

days on average. The SDLT holiday was announced on 8th of July, this suggests that a

large fraction of the contracts taking place in the first few months of the holiday period

may have been agreed before the policy change announcement. The positive impact of

the stimulus is short-lived and started to become visible from September onwards. SDLT

is an efficient tax that causes a mismatch in the housing market between the dwellings

and the households that could result in large households living in small houses and small

households living in large houses. This leads to waste in the form of misallocation costs

(Hilber and Lyytikäinen 2017b). Thus the elimination or the reduction in the SDLT will

increase the number of housing transactions. The number of property transactions had

two peaks, the first one was in March 2021 as the scheme was scheduled to end on March

2021, while the second peak was in June 2021, when the scheme was due to end after the

extension in its deadline, as people were rushing to take advantage of the stimulus before

its expiry. Figures 3.1 and 3.2 imply that the housing stimulus resulted in a large boost

for the housing market activities during the period of the SDLT holiday. This illustrates
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the Laffer curve effect as the SDLT holiday encouraged homeowners that are within and

outside the exempt threshold to purchase properties, causing an increase in the number

of property transactions and the SDLT revenues. In addition to this, figure 3.3 displays

the Halifax House Price Index, showing a decrease in the house price index in the three

months March to June 2020, where the average house price is £238,295 before it starts to

pick up and increase by July 2020. The average house price in the first quarter of 2021 is

£251,844. A report by NAEA Propertymark, the membership body for property agents,

shows that in 2021 32% of the properties are sold for more than the original asking price.4

In addition to this, the magnitude of the SDLT holiday on the economy goes beyond the

housing market and has a bigger impact on the macroeconomy as a whole. Best and

Kleven (2018) show that households spend an additional 1.98% of the house value on

estate agents fees and a further 1.24% on other commissions.
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Figure 3.2: Number of residential transactions in the UK.

Monthly data from April 2005 to July 2021. The series is seasonally adjusted. Source: HM Revenue & Customs.

In figure 3.4, I plot the density of property transactions at different prices, ranging

from £50,000 to £1.5 million in bins of £5,000. The top panel shows the transactions

for England, while the bottom panel shows the transactions for Wales for the period of

the SDLT holiday. The vertical red lines are at £500,000 and £250,000 to indicate the

cut off amount that is exempt from the SDLT for each region. The figures display that

4https://www.propertymark.co.uk/resource/housing-report-apr-2021.html
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Figure 3.3: Monthly Halifax House Price Index.

Source: Data Stream.

during the period of the SDLT holiday, higher density of the properties are sold for an

amount that is included in the exempt tax bracket. As illustrated, the histograms are

skewed to the right, this shows that at higher prices beyond the exempt amount, the

number of residential transactions made during this period decreases. The presence of

the SDLT causes a distortion in the price distribution, resulting in a significant number

of property transactions that are happening just below the £500,000 for England and

£250,000 for Wales, illustrating the “bunching” phenomena of Best and Kleven (2018).

The SDLT holiday means that home buyers could save up to £15,000 on their SDLT

tax bill. According to Kopczuk and Munroe (2015), transactions occur when the surplus

between what the buyer is willing to pay and the price negotiated and the lump-sum

property tax is non-negative. That is, when the surplus is reduced, the uniform lump-

sum discourages some sales. Hence, the agents respond to the SDLT by increasing the

transaction activities just below the tax thresholds. In figure A.4 in the appendix, I

show the density of property transactions for England and Wales in 2019. I show that

the number of property transactions executed in 2019 in England beyond the cut off of

£500,000, is greater than the number of transactions executed in 2020.

Table 3.1 illustrates descriptive statistics for the housing transactions that took place

during the period of the SDLT holiday for England, Wales and Scotland. I remove
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transactions with values less than £50,000 and more than £1,500,000 to avoid the outliers

effect. The table shows that among all the regions, South East of England had the highest

number of transactions during that period with almost 123,000 housing transaction made,

with an average value of transactions being £405,094, falling within the SDLT holiday

bracket. However, North East had the lowest number of transactions. The table also

shows that the mean of the housing transactions taking place in Greater London is at

almost £640,000, while the median is £499,995 which fall outside the exempt amount of

the SDLT holiday. This is evident from the fact that 50% of the housing transactions

taking place are above the SDLT holiday threshold of £500,000.

Percentile
Region Volume Mean value 25th 50th 75th 95th
Scotland 112,205 193,634 154,922 176,486 209,538 284,710
Wales 25,718 209,662 125,000 175,000 254,950 440,000
South East 122,999 405,094 260,000 355,000 505,000 965,000
South West 77,294 354,752 214,000 290,000 410,000 760,000
Greater London 94,896 636,956 375,000 499,995 705,000 1,500,000
East of England 81,148 354,986 220,000 300,000 415,000 725,000
West Midlands 74,655 268,112 155,000 215,000 315,000 595,000
East Midlands 60,173 255,553 155,000 213,750 300,000 540,000
Yorkshire 74,570 231,445 125,000 180,000 275,000 530,000
North West 102,313 235,425 125,000 181,995 277,500 540,000
North East 32,850 185,713 95,000 145,000 222,000 430,000

Table 3.1: Descriptive statistics on the housing transactions.

Housing transactions taking place during the SDLT holiday period. To avoid outliers effect, I removed transactions with
values less than £50,000 and more than £5,000,000. Source: HM Land Registry and Registers of Scotland.

3.3 Methodology: Synthetic Control Method

The choice to use the synthetic control method to investigate the impacts of the SDLT

holiday is motivated from the approach that the method builds on an improvement from

the traditional panel data models such as Difference in Difference (DiD) or Dynamic

Panel Data method. This method was once referred to as “the most important innova-

tion in the policy evaluation literature in the last 15 years” (Athey and Imbens 2017).

The advantages of the synthetic control method stem from the ability to model the treat-

ment effect when there is as little as one treated unit, something that can sometimes be

unfeasible in other panel data methods. In addition to this, synthetic control method

is superior with respect that instead of using one single control unit or simple average
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Figure 3.4: Density of property transactions for England and Wales.

The period of study is July 2020 to June 2021. The vertical red line indicates the cut off amount for SDLT exemption,
£500,000 for England and £250,000 for Wales. Source: HM Land Registry.

of control units as in the DiD, the method uses a weighted average of a set of potential

control units to provide a synthetic control unit that closely resembles the affected unit in

terms of predictors. That is to say, instead of using just one OECD country or a simple

average of all the OECD countries in the donor pool, the weighted average control group

has better match than any single country would be. This allows for the estimation of

the counterfactual outcome that would have occurred for the treated unit in the absence
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of the treatment. By comparing the treated unit to its counterfactual, policymakers can

understand the effectiveness of the treatment on the treated unit. Lastly, the method

opens the door to performing several placebo tests in order to assess the validity of the

estimated treatment effect.

The synthetic control method uses a weighted average of a set of potential control

units to provide synthetic control units that closely resemble the affected unit in terms of

predictors. In the context of the SDLT scenario, suppose that there are J+1 units (here:

country and region pairs) in periods t = 1, 2, . . . , T (here: quarters), where unit j = 1

is the treated unit (here:UK) and units j = 2, . . . , J + 1 are the untreated units used

in the control group. Unit j = 1 is exposed to the intervention (here: outcome of the

SDLT holiday) at periods T0+1, . . . , T , (2020 Q4 and 2021 Q1). while being unaffected

during the periods 1, . . . , T0 (2013 Q1 to 2020 Q3), the in-sample size is 31 observations.

In my analysis, I use 2020 Q4 as the period of intervention. Y N
it is the outcome of unit

i in the absence of intervention for units i = 1, . . . , J + 1. Y I
it is the outcome of unit i

at time t if the unit is exposed to intervention in periods T0 +1, . . . , T . The intervention

has no impact on the pre-intervention periods. Y N
it = Y I

it for t = 1, . . . , T0. For the

treated unit, Y N
it can not be observed in the post-intervention period t = T0 + 1 . . . , T .

However, it can best be modelled by a weighted average combination of untreated units

in the donor pool. The synthetic control can be represented by a (Jx1) vector of weights

W = (w2 . . . , wj+1)
′, the synthetic control unit can be expressed as:

Ŷ N
1t =

J+1∑
j=2

w∗
jYjt, (3.3.1)

subject to 0 ≤ wj ≤ 1 for j = 2, . . . , J + 1 and w2 + . . . + wj+1 = 1. The constructed

synthetic control unit is Ŷ N
1t is a weighted average of the untreated units in the control

group. An important assumption of the synthetic control method is that the housing

market in the control group are not directly affected by the results of the SDLT holiday,

nor any contemporaneous events and the housing market for the treated unit would

have developed in the same way as the synthetic control had it not been for the SDLT

holiday.5 The assumption of conditional independence helps ensure that the control units

5In my robustness check of section 5, I show that the UK had the greatest impact of the SDLT in comparison to the
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selected for the synthetic control group have similar pre-treatment trends, making them

plausible substitutes for the treated unit in estimating the counterfactual outcome. That

is, the assumption suggests that the treatment is unrelated to the historical outcomes

and covariates, except through their common dependence on observed pre-treatment

characteristics. By matching the pre-treatment characteristics of the treated unit with

appropriate control units, the synthetic control method aims to create a weighted average

of the control units that closely approximates the treated unit’s outcomes in the absence

of the treatment. When this assumption holds, it implies that the treated unit and the

control units used to construct the synthetic control group should have similar trends in

past outcomes and covariates. This similarity is crucial because it allows the synthetic

control unit to serve as a meaningful representation of the unobserved counterfactual

scenario for the treated unit (Gilchrist et al. 2023).

The choice of W is such that the characteristics of the treated unit are best resembled

by the characteristics of the synthetic control. X1 is a (k × 1) vector of pre-intervention

characteristics of the treated unit. X0 is (k × j) matrix of the same characteristics

of the donor pool. There is no one way that is always followed in the literature for

the choice of covariates. Abadie et al. (2010) advises on using economic predictors in

addition to lags of the treated variables in the pre-intervention period, while Abadie

et al. (2015) advises on using economic predictors in addition to the average of the

treated unit in the pre-intervention period. However, Ferman et al. (2020) finds that

specification searching is reduced when the number of pre-intervention period goes to

infinity and all pre-intrevention lags of the variable of interest of the treated unit are

used as predictors.6 The vector W∗ is chosen to minimise this difference between the pre-

intervention characteristics of the treated unit and the synthetic control unit ||X1−X0W ||

subject to the constraints of wj mentioned above. Abadie et al. (2010) measure the

discrepancy between the characteristics of the treated and the synthetic control unit by

introducing vector V, which is a symmetric and positive semidefinite (k× k) matrix. An

optimal choice of V assigns weights to the linear combinations of the variables in X0 and

X1 to minimize the mean square error of the synthetic control estimator. Typically, V is

countries in the control group.
6I follow the approach of Ferman et al. (2020) approach of using the synthetic control specification that yields the least

Mean Square Predictive Error.
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selected to weight the predictors in accordance to their predictive power on the outcome,

this makes the minimization problem as follows:

∥X1 −X0∥v =
√

(X1 −X0W)′V(X1 −X0W). (3.3.2)

As suggested by Abadie and Gardeazabal (2003) and Abadie et al. (2010), I set the

V to be determined using a data driven approach such that the MSPE of the outcome

variable is minimised for the pre-treatment period. Abadie et al. (2010) show that if the

weighted average of the synthetic control characteristics X0 can match the treated unit

characteristics X1, it provides a valid counterfactual for Y N
jt in the sense that Ŷ N

1t − Y N
jt

is close to 0 in the pre-intervention period, t = 1, ...., T0. In the case of evaluating the

impact of the SDLT holiday on the British housing market, I use the variables employment

rate, inflation CPI, house price to income ratio, interest rate and the dependent variable

HPI year on year (YoY) growth rate. This is based on the fact that these are macro and

financial factors that could influence the housing market. Including the pre-SDLT holiday

values of the dependent variable helps to limit the sensitivity of the weighting procedure

to any unobserved characteristics which could result in differences between the actual

UK and its synthetic counterpart and ensures a better fitting pre-intervention model.

These observed covariates are not affected by the treatment in the pre-treatment period.

The synthetic control is primarily designed to use any covariates that help explain the

outcome variable as predictors, and not only pre-treatment values of the outcome variable

(Gardeazabal and Vega-Bayo 2017). I evaluate the relationship between the dependent

variable and the vector of covariates by running the regression as in (Shimeng Liu 2015;

Breinlich et al. 2020):

Yit = β0 + β1EmploymentRateit + β2CPIit + β3PIRatioit+

β4InterestRateit + uit, i = 1, . . . , t = 1, . . . , T.

As suggested by Botosaru and Ferman (2019), the inclusion of covariates as predictors

when the outcome equation is nonlinear in covariates should not necessarily be a problem

if one uses the data-driven to determine the matrix V . As long as the pre-treatment
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outcome lags are also included as predictors, then the importance given to such covariates

would be relatively small and the estimation procedure would not attempt to match on

covariates that should not be matched on. As the output of the regression shows in table

3.2, there exists linear and significant relationship between all of the variables and the

HPI YoY growth rate. Therefore,all of the variables with significant coefficients can be

used as characteristics in the data driven approach that estimates the vector of weights

assigned to each country in the donor pool. The variables with significant coefficients

along with average of the pre-treatment lags of the dependent variables will be used as

covariates in the data driven approach that estimates the vector of weights assigned to

each country in the donor pool as in Abadie et al. (2015). As a robustness check, I

also consider alternative specifications such as using the pre-treatment period lags only

as economic covariates (Ferman et al. 2020; Breinlich et al. 2020; Botosaru and Ferman

2019) and using economic covariates along with all the lags of the dependent variable in

the pre-treatment period (Billmeier and Nannicini 2013; Bilgel and Galle 2015; Stearns

2015; Villar and Papyrakis 2017; Pellegrini et al. 2021; Papyrakis et al. 2023).

For the post-intervention period, where t ≥ T0, the treatment effect is the difference

between the realized outcome and the synthetic control outcome:

Y1t −
J+1∑
j=2

w∗
jYjt = Y1t − Ŷ N

1t ,∀t = T0+1, . . . , T (3.3.3)

Throughout this paper, the main identifying assumption is that the UK aggregate and

regional house prices would have developed as the synthetic unit had it not been for the

SDLT holiday. I estimate the following regression equation:

Y1t − Ŷ N
1t = µ+ λdt + ϵt, (3.3.4)

dt =


0, for t < T0

1, for t ≥ T0

The step dummy variable, dt, models the average impact in the post intervention period,

where the coefficient λ will be referred to as the “synthetic control regression estimator”.

When subtracting the synthetic control unit from the treated unit, this estimates the
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Dependent variable:

HPI YoY Growth Rate

(1) (2)

Employment −0.001∗∗∗ 0.0002
(0.0003) (0.002)

CPI 0.0001 −0.003∗∗∗

(0.001) (0.001)

PI 0.003∗∗∗ 0.003∗∗∗

(0.0002) (0.0003)

Interest Rate 0.0002 −0.032∗∗∗

(0.002) (0.004)

Constant −0.190∗∗∗

(0.059)

Observations 425 425
R2 0.341 0.206
Adjusted R2 0.335 0.114
F Statistic 54.342∗∗∗ (df = 4; 420) 24.682∗∗∗ (df = 4; 380)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 3.2: Regression estimates for the HPI and economic covariates

Estimation of the relationship between the economic covariates and the dependent variables. The dependent variable is
the HPI YoY Growth Rate. Column (1) is the estimation with Pooled OLS. Column (2) is the estimation with country
and time fixed effects (two ways FE).
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synthetic control effect.

As a robustness check, I will compare the estimates of equation 3.3.4 to a DiD regression

model. The synthetic control method is more appropriate method to be used in com-

parative case study and in the context of SDLT holiday evaluation in particular than

the DiD as there is one treated unit, where the synthetic control relies on the assump-

tion that the synthetic control captures the unobserved factors affecting the treated unit,

enabling causal inference. On the other hand, DiD is commonly employed in pooled

cross-sectional analyses involving multiple treated and control units. The difference be-

tween the synthetic control method and the DiD method is that the synthetic control

method creates a weighted average of the countries in the donor pool that matches the

characteristics and the trend of the treated unit. The synthetic control method shows

a plot of how the treated unit would have been looking in the absent of the treatment.

The synthetic control method allows an algorithm to determine which combination of

countries match the evolution of UK HPI before the SDLT holiday with highest possible

accuracy. On the other hand, DiD is based on the conditional expectation assumption

i.e. the expected outcome of the treatment group (or the treated units) given a specific

set of covariates or observed characteristics. It represents the average treatment effect for

the treated group, taking into account the control group’s outcomes and the changes over

time. Although the synthetic control method compares the change in outcomes over time

between a treated unit and a control unit or group of units that are assumed to be similar

in all relevant respects except for the treatment or policy intervention. The DiD does not

take in consideration matching the treated group and their characteristics, instead it is

based on the common trend assumption. That is, the treatment and control group follow

a similar pattern in the pre-treatment period, they would also follow a similar pattern

in the post-treatment period in the absence of the treatment. The DiD model can be

written as:

Yit = β0 + β1treated+ β2treatment+ δ(treated× treatment) + Zit
′θ + ϵit.
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For the context of the SDLT holiday, the DiD model will be written as:

Yit = β0 + β1UK + β2dt + δ(UK × dt) + Zit
′θ + ϵit, (3.3.5)

Where Zit is the set of economics predictors which may be included in the regression. The

coefficient β1 illustrates the effect of the UK on the dependent variable, the coefficient

β2 shows the effect of the post-2020Q2 on the dependent variable. Lastly, the coefficient

δ is the DiD estimator which represents the average treatment effect (ATE) of SDLT

holiday on the treated unit. This specification estimated with and without two ways

Fixed Effects (FE).

The difference between equations 3.3.4 and 3.3.5 can be explained as the former looks

at estimating the effect of the SDLT holiday on the gap between the treated unit and

its synthetic counterpart, where the synthetic counterpart is assumed to be the same

as the treated UK in the absence of the SDLT holiday. The coefficient λ captures the

change in this gap over time, indicating the evolving effect of SDLT on the treated unit

relative to the synthetic control unit. However, in the latter, the coefficient δ is the DiD

estimator which captures the difference in the average outcomes between the UK and the

countries in the donor pool after accounting for time and group-specific effects. Having

said that, the coefficients λ and δ serve different purposes and capture different aspects

of the treatment effect.

To perform inference on the results of the synthetic control method in the scenario of

SDLT holiday, the following steps are undertaken:

1. Construction of Confidence Intervals: Confidence intervals are constructed for each

trajectory of the treated unit in comparison to its synthetic counterpart. The con-

fidence interval is calculated based on 2 standard deviations of the pre-SDLT gap

between the UK and the synthetic UK in order to have a 95% confidence interval.

This approach allows for assessing the significance of the differences between the UK

and its synthetic counterpart. This inference approach is based on the work of Born

et al. (2019).

2. In-Time Placebo Test: A placebo test is conducted by assigning the SDLT holiday
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to a false year. The purpose of this test is to evaluate whether there would be any

significant divergence between the UK and its synthetic counterpart after this false

year. If the false assignment of the SDLT holiday leads to a notable and significant

divergence, it raises doubts about the main findings.

3. Country Placebo Test: Another placebo test is performed by assigning the SDLT

holiday to each of the countries in the control group. The gap between the treated

unit (UK) and its synthetic counterpart is calculated based on this assignment. The

objective of this test is to assess whether the observed gap between the UK and its

synthetic counterpart is driven by the SDLT holiday or by other random fluctuations

within the control group.

4. Calculations of Fisher p-value based on country placebo effects: Abadie et al. (2010)

propose an approach to assign the treatment to each country in the control donor

pool and estimating the “country placebo effect”. For each control unit, the ratio of

post-treatment MSE to the pre-treatment MSE is computed as the following:

Rj =
MSEj,post−SDLT−Holiday
MSEj,pre−SDLT−Holiday

=

(∑T
t=T0+1

(
Yjt − Ŷ N

jt

)2
)
/ (T − T0)(∑T0

t=1

(
Yjt − Ŷ N

jt

)2
)
/T0

,

Where
(
Yjt − Ŷ N

jt

)
is the treatment effect. Having large value of the MSE in the

post-SDLT holiday period indicates the tax holiday effect on the treated unit. To

validate that the gap in the post-SDLT holiday period is the tax holiday effect for

the UK, the p-value is then calculated by comparing the value of R1, the MSE ratio

for the UK, to that of Rj ∀j = 2, . . . , J + 1 control units:

p1 =

∑J+1
j=1 I+ (Rj −R1)

J + 1
, (3.3.6)

Where I+(.) is an indicator function that takes a value of one for nonnegative ar-

guments and zero otherwise. That is to say, the indicator function can be written

as 1 (Rj ≥ R1) Comparing the value of this statistic for the UK, R1, to that of all

other units, the p-value measures the chances of obtaining a ratio as high as R1 if
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one is to pick a country randomly from the sample of countries in the donor pool.

If the p-value is less than some pre-specified significance level, such as the the 0.1

traditional value then the null hypothesis that the treatment has no effect can be

rejected implying that there is some regions with a non-zero effect for some period.

These steps help provide additional evidence and address potential concerns regarding the

reliability of the main findings derived from the synthetic control method in the context

of evaluating the impact of the SDLT holiday.

3.4 Empirical results and discussion

Now I present the main results of this paper which estimates the impact of the SDLT

holiday on the aggregate house price index of the UK and its regions.

3.4.1 Aggregate UK House Price Index

The identification strategy is that the UK and its synthetic counterpart have the sim-

ilar performance and trend. The difference between them following 2020 Q3 is solely

attributed to the SDLT holiday. This assumption is reasonable as none of the countries

in the donor pool had any similar land tax relief or holiday on their properties. Also,

another important assumption is that the treatment only affects the UK house prices

with no such spillover effect on the countries in the control group.

With these assumptions in mind, I use the data driven approach that solves the min-

imization problem of equation 3.3.2 to construct synthetic UK house price index year on

year growth rate. The synthetic UK is constructed with a weighted average of countries

in the donor pool. The weights assigned to each country in the donor pool is based on

matching the vector of pre-intervention characteristics of the treated unit X0 to that of

the control group X1. These characteristics are employment rate, consumer price in-

dex (CPI), house price to income ratio and the dependent variable. These variables are

averaged for the pre-intervention period. Table 3.3 shows a comparison between the pre-

intervention characteristics of the actual UK, synthetic UK and a population weighted

average of all the countries in the donor pool. As illustrated, the synthetic UK is closely

70



3.4. EMPIRICAL RESULTS AND DISCUSSION

matched to the actual UK than the weighted average of all the countries in the donor

pool.

Economic predictor UK Synthetic UK Sample Mean
Employment rate 73.95% 68.22% 67.63%

Consumer Price Index (Inflation) 102.14 102.09 101.54
House price to income ratio 102.91 100.82 103.45

Interest Rate 0.586 0.581 0.444
HPI annual growth rate (Dependent Variable) 3.9% 3.9% 3.3%

Table 3.3: Matching countries economic predictors.

Employment rate, Consumer Price Index and House price to income ratio and the HPI annual growth rate (dependent
variable) are averaged for the pre-intervention period. Data source: OECD.

In table 3.4, I show the countries that are used to construct the synthetic control unit.

The synthetic UK house price index year on year growth rate is constructed as a weighted

average of Korea, Finland, Ireland, Norway, Canada and Denmark. This indicates that

pre-SDLT holiday, the UK series had a similar evolution to these six countries. Although

the weights assigned to the countries in the donor pool appear to be reasonable, the data

driven approach used to generate these weights refrain from any structural interpretation

for the country weights.

As in Cebula (2009) and Coombs et al. (2012) fiscal differentials are capitalised in the

house prices, such that an increase in the property taxes reduce the house prices. That

is to say, reduction in the SDLT should cause an increase in the house prices. Figure 3.5

displays that the synthetic UK closely mimics the performance of the UK series between

the beginning of the sample and 2021 Q1. The shaded area corresponds to two standard

deviation of the pre-treatment gap between the UK and its synthetic counterpart house

price index year on year growth rate. As illustrated, both series had a jump in their house

price index year on year growth rate following 2020 Q2, which indicates the increase in

the prices is due to the rising demand following easing of the the lockdown restrictions.

However, the UK overperformed its synthetic counterpart by 2.11% in 2020 Q4 and 2.96%

in 2021 Q1 from the same period the year before, measured by the difference between the

UK and the synthetic UK series in the during the SDLT holiday period. This increase can

be attributed to the impact of the SDLT holiday. Similarly, table 3.6 shows the estimation

of the SDLT holiday effect, where the coefficient reported in column (1) is λ estimated

using equation 3.3.3. Columns(2) and (3) display the DiD estimators of equation 3.3.5,

71



CHAPTER 3. LAND TAX HOLIDAY AND HOUSE PRICES: EVIDENCE FROM THE UK

in the absence and presence of time fixed effects. As illustrated by the coefficient of

dt, the average effect of the SDLT holiday on the UK housing market, illustrated by

the difference between the UK and its synthetic counterpart, is 1.214 percentage points.

While the coefficient of dt in columns (2) and (3) just show the effect of the post-SDLT

period on the HPI on the entire panel data. As there is only one treated unit, UK, there

is not much difference between columns (2) and (3) with the exclusion and the inclusion

of the Fixed Effect (FE). In fact, the coefficients of the dummy variable dt and UK for

the FE model are absorbed in the estimation due to the presence of only one treatment

unit.

Country Country weights Country Country weights
Austria 0 Belgium 0
Canada 6.8% Czech Republic 0
Denmark 3.2% Finland 24.4%
France 0 Germany 0
Greece 0 Hungary 0
Ireland 21.2% Italy 0
Korea 36.1% Luxembourg 0

Netherlands 0 Norway 8.3%
Poland 0 Portugal 0
Spain 0 Switzerland 0
US 0

Table 3.4: Country weights to construct synthetic UK house price index year on year growth rate.

The weights illustrate the importance of country j in the donor pool to approximate the UK.

I now shift the analysis to focus on the regional house price index, to investigate the

impact the tax holiday had on the house prices for each of the UK NUTS 1 statistical

regions.

3.4.2 Regional House Price Index

To investigate further the extent and the variation of the SDLT holiday, I extend the

analysis to look into the UK regional level. The main underlying assumption that I will

be relying on is that the UK regional house price index would have developed as the

synthetic control units had it not been for the SDLT holiday. That is to say, I quantify

the SDLT holiday impact as the difference between the realized house price index year

on year growth rate values and their synthetic counterpart. Table 3.7 shows the top

synthetic control weights assigned to each of the regions in the control group to construct
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 1.214∗∗ −0.008∗

(0.456) (0.004)

UK −0.022∗∗

(0.010)

dt × UK 0.016 0.015
(0.019) (0.019)

PI 0.003∗∗∗ 0.003∗∗∗

(0.0002) (0.0003)

CPI 0.001 −0.003∗∗∗

(0.001) (0.001)

Employment −0.001∗∗∗ 0.0002
(0.0003) (0.002)

Interest Rate −0.001 −0.002∗∗∗

(0.002) (0.002)

Constant 0.039 −0.251∗∗∗

(0.136) (0.065)

Observations 34 425 425
R2 0.181 0.354 0.208
Adjusted R2 0.155 0.343 0.114
Residual Std. Error 0.755 (df = 32) 0.033 (df = 417)
F Statistic 7.069∗∗ (df = 1; 32) 32.597∗∗∗ (df = 7; 417) 19.957∗∗∗ (df = 5; 379)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 3.6: Effect of the SDLT holiday on the UK aggregate HPI YoY.

Estimating the effect of the SDLT holiday on the UK aggregate HPI YoY. Column (1) shows the estimation of equation
3.3.3, where the gap between the UK and its synthetic counterpart is regressed on a constant and a dummy variable. The
standard errors reported in the parenthesis of column (1) are HAC-SE. Columns (2) and (3) display the estimation of
the DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed on a constant, time dummy
variable, UK dummy variable, the interaction of both dummy variables and a vector of economic covariates.
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Figure 3.5: Impact of SDLT holiday on UK housing market.

UK against Synthetic UK house price index percentage change from the same time as the year before. The shaded area
represents two standard deviations of the pre-treatment gap between the UK and its synthetic counterpart.

the synthetic control units for the three nations and the nine large English regions.

Figure 3.6 displays the year on year growth rate of the house price index over time

across the three nations Wales, Scotland and Northern Ireland. The graphs show that the

synthetic control unit for each of these nations consistently mimics the evolution of the

actual series in the period prior to the SDLT holiday. All these three nations experienced

divergence from their synthetic counterparts in 2020 Q3 onwards, where Wales exhibits

the greatest increase in its house price index.

Figure 3.7 displays the synthetic control estimates for the remaining English regions.

For all of the regions, the graph shows that they have a very close fit to their synthetic

counterpart in the pre-treatment period. All the regions except Greater London exhibit

a significant increase in their house price index following the SDLT holiday. Greater

London had the smallest increase in its house price index in 2020 Q4, however, this

increase only stayed for one quarter, before it decreases and underperforms its synthetic

counterpart. Table 3.8 displays the synthetic control regression estimator λ of equation

3.3.3 in column (1) and the DiD estimator δ of equation 3.3.5 in columns (2) and (3),

tables A.13 to A.34 in the appendix show the estimation of the regression for each region

separately. The results of the synthetic control regression go along with the synthetic
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Figure 3.6: Impact of SDLT holiday on the three British nations.

Wales, Scotland and Northern Ireland against their Synthetic counterparts house price index (year on year growth rate).
The shaded area is two standard deviations of the pre-intervention gap between the regions and their synthetic counterpart.
Due to unavailability of economic covariates for the control group on regional level, I use the approach of Ferman et al.
(2020) to match the treated and the control units based on all the pre-intervention lags of the HPI year on year growth
rate instead.

control figures 3.6 and 3.7 that all the regions exhibited significant positive impact with

the exception of East of England and Greater London. However, for the DiD regression,

the DiD estimator which measures the impact of the treatment (SDLT holiday) on the

treated unit (UK) is barely significant for any of the regions.
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3.5. PLACEBO TESTS:

3.5 Placebo Tests:

To evaluate the reliability of the results obtained in the previous section using synthetic

control methodology, in this section I run several placebo tests. The first test is an in-time

placebo test, the second test is a country placebo test and lastly leave one control unit

out test.

3.5.1 In-time placebo test

I compare the SDLT holiday impact estimated earlier to a placebo impact obtained by

reassigning the SDLT holiday to a different period before the SDLT holiday actually took

place. Having a large placebo estimate will undermine the confidence that the results in

figures 3.5, 3.6 and 3.7 are indeed indicative of the impact of SDLT holiday and are not

merely driven by lack of predictive power. The synthetic control algorithm is estimated

with a different treatment period and different country weights. The treatment is assigned

to a different date, 2019 Q4, which is during the pre-pandemic period when the house

prices were already on an upward trend. Figure 3.9 illustrates that there is no significant

divergence between the actual UK and synthetic UK during the 2017 Q1 - 2020 Q2

period and there is no substantial effect estimated for 2019 Q4 placebo SDLT holiday.

This strengthens the case for the predictive power of the synthetic control method and

that the divergence in figure 3.5 successfully estimate the causal impact of the SDLT

holiday.

Figures A.5 and A.6 in the appendix display the in-time placebo test applied for all

the NUTS 1 statistical regions of the UK. Again the figures show that when applying

the SDLT holiday to 2019 Q4, all of the regions were unaffected, except for the South

West of England, South East of England and East of England which shows that they

underperformed their synthetic counterpart. Together figures 3.6 and 3.7 provide evidence

that the increase in the house price index in 2020 Q3 onwards is due to the causal impact

of the SDLT holiday.
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Figure 3.7: Impact of SDLT holiday on all the English regions.

The English regions against their synthetic counterparts house price index (year on year growth rate). The shaded area
represents two standard deviations of the pre-intervention gap between the regions and their synthetic counterpart.
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Region SC Estimator DiD Estimator DiD Estimator
λ δ δ
(1) (2) (3)

Wales 3.892∗∗∗ 0.038∗ 0.012∗

(1.094) (0.003) (0.016)

Scotland 2.515∗∗ 0.006 0.017
(0.976) (0.020) (0.016)

Northern Ireland 0.762∗ −0.006 0.005
(0.388) (0.020) (0.016)

Yorkshire and the Humber 3.312∗∗∗ 0.021 0.032∗∗

(0.938) (0.020) (0.016)

North East of England 4.062∗∗∗ 0.025 0.035∗∗

(1.291) (0.020) (0.016)

North West of England 3.733∗∗∗ 0.020 0.031∗

(1.03) (0.020) (0.016)

East Midlands 2.425∗∗∗ 0.010 0.021
(0.723) (0.020) (0.016)

West Midlands 1.968∗∗∗ 0.0001 0.011
(0.566) (0.020) (0.016)

South West of England 2.430∗∗∗ 0.016 0.027∗

(0.702) (0.020) (0.016)

East of England 0.606 0.003 0.014
(0.532) (0.020) (0.016)

South East of England 0.857∗∗ 0.013 0.024
(0.358) (0.020) (0.016)

Greater London −0.096 0.021 0.032
(0.344) (0.020) (0.016)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 3.8: Effect of the SDLT holiday on the regional UK HPI YoY.

Estimating the effect of the SDLT holiday on the regional UK HPI YoY. Column (1) shows the estimation of equation
3.3.3, where the gap between the UK and its synthetic counterpart is regressed on a constant and a dummy variable. The
standard errors reported in the parenthesis of column (1) are HAC-SE. Columns (2) and (3) display the estimation of
the DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed on a constant, time dummy
variable, UK dummy variable, the interaction of both dummy variables and a vector of economic covariates.
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(a) 2020 Q4 (b) 2021 Q1

Figure 3.8: Heat map: Impact of SDLT holiday on NUTS 1 Level HPI.
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Figure 3.9: In time placebo test.

The synthetic control algorithm is estimated with treatment period 2019Q4. The weights assigned to the countries in
the control group are as follows: Korea: 58%, Ireland: 15.7%, Canada: 10.6%, Austria: 9.2% and Norway: 6.3%. The
in-sample period is from 2013Q1 to 2019Q4. The shaded area represents two standard deviations of the pre-intervention
gap between the regions and their synthetic counterpart.

3.5.2 Country placebo test

To asses the significance of the results demonstrated earlier, I iteratively apply the syn-

thetic control method to each country in the control group that is used to estimate the

impact of SDLT holiday. In each iteration, the SDLT holiday is assigned to a country in

the control group and the UK is removed from the donor pool. That is, I assess what

would happen to their house prices if each country in the control group applied SDLT hol-

iday instead of the UK. Figure 3.10 displays the estimated effect of each country placebo

run. Each line is a gap plot derived from the difference of the placebo synthetic control
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unit of that country and its actual series. The gap between the UK and its synthetic

counterpart is illustrated by the black line. The synthetic control method provides an

excellent fit for the UK’s HPI annual growth rate in the pre-intervention period better

than any other country in the control group. The only countries that have a larger gap

than the UK in 2021 Q1 are Denmark and Norway, however, they both had a bad fit in

the pre-intervention period, making the gap in the post-intervention period unreliable.

According to Abadie et al. (2010), if the synthetic unit failed to fit the HPI annual

growth rate in the pre-intervention period, then I would interpret that much of the gap

between the actual and the synthetic UK in the post-intervention period is artificially

created by the lack of fit rather than the effect of the SDLT holiday, which was the case

for Norway.
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Figure 3.10: Country placebo test.

Gaps in the UK and the significant countries in the donor pool. Synthetic control algorithm is re-estimated for each country
that has a non-zero weight in the construction of synthetic UK. The UK is not used in the control group in the construction
of any of the country placebo tests.

Similarly figures A.7 and A.8 show the country placebo test applied to each of the

regions of the donor pool. The gap between all the British regions and their synthetic

counterparts in the post-intervention period, illustrated by the red line, is greater and

more positive from the gap, between any region and their synthetic counterpart, when
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the treatment was assigned to regions in the control group. Therefore, this strengthens

the case for the predictive power of the synthetic control method in modelling the impact

of the SDLT holiday and indicates that the divergences illustrated in figures 3.6 and 3.7

show the causal impact of the SDLT holiday.

3.5.3 Mean Square Error test

Another way to measure the robustness of the results, is to compute the ratio of the

post-SDLT holiday MSE to the pre-SDLT holiday MSE for the United Kingdom and the

countries in the control group. The MSE measures the lack of fit between the treated

unit and its synthetic counterpart. This ratio can be calculated as:

MSEj,post−SDLT−Holiday
MSEj,pre−SDLT−Holiday

=

(∑T
t=T0+1

(
Yjt − Ŷ N

jt

)2
)
/ (T − T0)(∑T0

t=1

(
Yjt − Ŷ N

jt

)2
)
/T0

, (3.5.1)

Where
(
Yjt − Ŷ N

jt

)
is the treatment effect. This ratio of the MSE is estimated for each

country in the control group. Having big value for the ratio indicates that there is a di-

vergence between the trajectories of the treated unit and the synthetic control unit. Since

the pre-intervention period had a close fit between the UK and its synthetic counterpart,

thus the pre-SDLT holiday MSE is small. The ratio of the post-SDLT holiday MSE to

the pre-SDLT holiday MSE indicates the effect of the SDLT holiday in the post holiday

period. As illustrated in the previous section, I assign the treatment, SDLT holiday, to

all the countries in the control group. I then estimate the ratio of the post-SDLT holiday

MSE to the pre-SDLT holiday MSE for each of the control units as illustrated in 3.5.1.

This algorithm calculates the ratio for all the countries in the control group including

the ones with very small weights. I compare the ratio of the post-SDLT holiday MSE to

pre-SDLT holiday MSE of these countries to that of the United Kingdom (UK). Having a

large ratio indicates that the gap between the treated unit and its synthetic counterpart

in the post-SDLT holiday period is greater than the gap in the pre-SDLT holiday period.

Figure 3.11 displays that the UK stands out in comparison to the other donor countries.

Therefore, this illustrates the causal impact of the SDLT holiday on the UK housing
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market.
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Figure 3.11: Ratio of post-SDLT holiday MSE to pre-SDLT holiday MSE.

Synthetic control algorithm is estimated for the United Kingdom and all the 24 countries in the control group. Having
biggest value of MSE ratio for the UK indicates the causal effect of the SDLT holiday on the house price index. The
Pre-Period is from 2013 Q1 to 2020 Q2, the Post-Period MSE is from 2020 Q3 to 2021 Q1.

To calculate the p-value as illustrated in 3.5.1, if one were to pick a country at random

from the sample the chances of obtaining a ratio as high as that of the UK is 1
25

≈ 0.084.

According to the p-value, one would reject the null hypothesis that the SDLT holiday had

no impact of the UK aggregate house price. When doing the same robustness exercise

for each region in figures A.11 to A.22 display the results. I use the package SCtools

to perform this placebo test and calculate the p-value for the individual regions. The

purpose of this package is that it is suitable when having very large control group as in

our case, the control group includes 53 regions as it excludes regions from the control

group that have pre-SDLT holiday MSE more than 5 times of that of the UK regions. As

displayed for the three British nations, I reject the null hypothesis that the SDLT holiday
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had no effect on the housing market for Scotland and Wales as their p-values are 0.071

and 0.047 respectively. For the nine English regions, I reject the null hypothesis that

the SDLT holiday had no effect on six of the nine regions. The six regions are Yorkshire

and the Humber, North East of England, North West of England, East Midlands, West

Midlands and South West of England.

3.5.4 Leave one control unit out

I run a series of placebo test to evaluate the sensitivity of my results to changes in the

country weightsW ∗. I iteratively estimate the synthetic control algorithm that solves the

minimization problem of equation 3.3.2 to construct synthetic UK. In each iteration, one

of the countries in the donor pool is omitted, affecting the goodness of fit of the synthetic

control unit. This exercise is re-estimated for 21 iterations. This exercise identifies which

country drives my results the most. Table 3.9 shows the weights assigned to each country

in the leave-one-unit exercise, the table shows that the results are driven by a combination

of Korea and Ireland as they exhibit the biggest weights in all the exercises. Figure 3.12

shows the results of the leave-one-out exercise, the leave-one-out estimates are the grey

lines. The results are robust to the exclusion of any particular country from the sample of

comparison countries, such that the UK series is above a synthetic control combination.

Synthetic control combination Countries and W-Weights
Five units control group Korea Finland Ireland Canada Norway

39% 24% 22% 9% 7%
Four units control group Korea Finland Ireland Norway

39% 29% 22% 11%
Three units control group Korea Ireland Norway

59% 24% 16%
Two units control group Korea Ireland

71% 29%
One unit control group Korea

100%

Table 3.9: Leave one control out exercise.

The baseline model is re-estimated iteratively to show the countries that contribute the most to the sparse version of the
synthetic UK.

Similarly, I apply the same exercise for each region to evaluate the goodness of fit for

the synthetic control unit for each of the three nations and the 9 NUTS1 regions. Figures

A.9 and A.10 in the appendix show that for all the 9 regions, the leave-one-out estimates
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Figure 3.12: Leave one control out exercise.

Leave-one-out robustness exercise for synthetic UK HPI year on year growth rate.

are robust to the exclusion of any particular region from the sample comparison regions.

3.5.5 Change in Covariates

I change the specification of the synthetic control estimation such that the synthetic

control unit is estimated using two approaches. The first approach is based on economic

covariates along with all the pre-intervention lags of the dependent variable (Billmeier

and Nannicini 2013; Bilgel and Galle 2015; Stearns 2015; Villar and Papyrakis 2017;

Pellegrini et al. 2021; Papyrakis et al. 2023). The second approach is based on using

all the pre-intervention lags only, without the inclusion of economic covariates (Ferman

et al. 2020; Breinlich et al. 2020; Botosaru and Ferman 2019). As displayed, across all the

specifications and the original estimation of the synthetic control in figure 3.5 the results

are unchanged, the UK HPI YoY growth rate significantly over perform its synthetic

counterpart following the SDLT holiday till the end of the sample.

3.6 Discussion

It is vital to note that the main question that this paper aim to answer is “What if the

SDLT holiday was never introduced?” The paper answers this questions by performing a
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(b) Synthetic UK with all lags of dependent variable as pre-
dictors and no economic covariates

Figure 3.13: Covariates Robustness Check

counterfactual analysis to create a unit that mimics the performance of the UK trajectory

in the pre-SDLT holiday period. The impact of the SDLT holiday varies across different

regions depending on several factors, including local housing affordability, housing market

demand and supply and the demographics associated with different locations. To visualise

this impact, figure 3.8 shows the difference between the UK regions and their synthetic

counterparts on a heat map. The map on the left hand side displays the impact in 2020

Q4, while the map on the right hand side displays the impact in 2021 Q1. It is evident that

all the regions have benefited from the SDLT holiday in 2020 Q4 and this benefit increased

in 2021 Q1, with the exception of the South East of England and Greater London. The

heat map shows that the North West of England and Wales had the greatest increase in

HPI in comparison to their synthetic counterpart in 2020 Q4, while the North East of

England and Wales had the greatest increase in 2021 Q1. Greater London is the only

region coloured in red, indicating the decrease in its house price index in 2021 Q1. The

combination of the hybrid/remote work opportunities and the reduced transaction cost

due to the SDLT holiday may have encouraged households to explore the possibilities of

moving outside of the capital. The number of newly built completed and unsold homes

in London increased in 2021 Q1, such that there are 3,100 unsold homes (Savills 2021).
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Also, the sales volume has dropped by 16% on an annual basis in 2021 Q1. Similarly the

prime market had a decrease in its annual sales by 39% in 2021 Q1.

The performance of the housing market in London can be explained by several factors

such as that the average house price in Greater London in 2020 being £633,445 which

is above the threshold of the zero SDLT, making buyers unable to benefit from the

SDLT holiday. In addition to this, following a year of staying at home, renters and

buyers chose to move to larger homes with a garden and garage rather than staying

in the capital. A survey by the London Assembly Housing Committee postulates that

15% of the respondents wanted to leave the city as a result of the pandemic.7 Zoopla

(2020a) shows that terms such as garden, garage, parking, detached, rural, secluded,

bungalow and annex are among the top 10 most searched terms for property features

on Zoopla. These findings contradict the hypothesis presented in Oswald (1996), Van

Leuvensteijn and Koning (2004) and Battu et al. (2008) suggesting that home ownership

reduces mobility and thus increases unemployment. The introduction of the working

from home mandate allowed employees to live further from their place of work whilst

working remotely. For example, an employee can have a high paying job in London,

while living in the South East or the South West of England. These results confirm the

findings of Ramani and Bloom (2021) and Boesel et al. (2021) who show that as a result

of the pandemic, the consumer demand has shifted towards more residential space and

for properties in communities with lower population density, causing an increase in the

rental price of detached houses. In addition to this, Rappaport et al. (2021) postulate

that if working from home becomes permanent, employees will consider relocating farther

away from their employment, to the outer suburbs of the metropolitan areas.

As discussed above, house prices responded sharply to the SDLT holiday. Land tax

prevents transactions that would otherwise be worthwhile from taking place. Agents

are highly responsive to property taxes, causing large welfare costs from behavioural

responses. Recalling that the SDLT cannot be mortgaged, Best and Kleven (2018) in

their theoretical model set out that home buyers with constrained downpayment and

high loan-to-value ratios on their mortgages are highly responsive to tax changes because

7The same survey show that 416,000 people responded that they would definitely move out of the city in the next 12
months.
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they need to pay their transaction taxes upfront. That is to say, with no search frictions,

when the SDLT is cut or set on a holiday, there will be an efficient allocation between

buyers and sellers. Also, Kopczuk and Munroe (2015) show in their theoretical model

the presence of ‘unraveling’ phenomenon, which can be explained as in the presence of

property taxes, transactions with positive surplus may not occur as buyers may prefer

to continue searching in order to benefit from locally depressed prices. Therefore, the

introduction of the SDLT holiday will increase the buyers surplus, causing an increase in

the amount of transactions and housing prices.

Although, the stamp duty generates substantial revenue for the government, the wel-

fare loss associated with its impact on mobility and housing misallocation is significant

(Hilber and Lyytikäinen 2017a). The policy implications from the reduction of the SDLT

can be positive for households and first time buyers. That is to say, the SDLT acts as

a barrier that prevents households from owning their own home, the SDLT can nega-

tively impact housing affordability, especially for the first-time buyers and those looking

to move up the property ladder. The tax burden can add significant costs to property

transactions, making it harder for individuals and families to enter or move within the

housing market. Therefore significant reforms to the SDLT is needed in order to boost

the housing market and support households entering or moving up or down the property

ladder and prevent housing affordability crisis. The Institute of Fiscal Studies argues

that the SDLT is one of the most damaging taxes due to the negative impact it has

on the housing market and the labour market (Johnson 2023). Economists argue that

abolishing the SDLT completely will result in a loss of £6 billions to the treasury, al-

ternatively reducing SDLT to its previous level, which was a low and reasonably small

tax that encouraged mobility without discouraging transactions. However, still this can

affect the receipts the treasury can receive. One alternative way that was suggested by

Morton (2017) is to reduce the SDLT so that the majority of homes are exempt from

paying it. For example, no SDLT would be payable on residential property transactions

with values up to £500,000, for higher-value properties, SDLT will still be paid but on

a marginal-not-slab system, where rate are applied only over specific thresholds, rather

than on the entire property value. As the focus of this paper is to look at the consequences
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of the SDLT holiday up to £500,000 in England and Northern Ireland and £250,000 in

Scotland and Wales, I provide evidence that any cuts or reforms to the SDLT will have

strong positive impact on the housing market.

The main assumption that the paper is based on is that the uncertainty around the

COVID-19 pandemic and lockdown and economic concerns might have led potential buy-

ers to postpone or cancel their purchasing decisions, reducing overall demand in the

housing market. The SDLT holiday was introduced to stimulate the housing market,

the paper looks at if the SDLT holiday did offset this decrease in the housing market.

I achieve this through removing any country from the donor pool that had similar tax

reliefs. However, the estimated effects of the SDLT holiday may be influenced by the

broader pandemic-related factors such as the the UK intervention and support provided

in the form furlough schemes, mortgage payment holidays, and business support loans,

could have indirectly influenced the effectiveness of the SDLT holiday. Another assump-

tion of the Synthetic Control Method is that the treated unit is not affected from any

other treatment. One aspect this analysis did not look at is the impact of the Help to

Buy Scheme on the UK housing market during the period of the SDLT holiday. The

Help to Buy Scheme is a scheme where the government provides an equity loan to home

buyers buying a new built home. The scheme was introduced in 2013 and ended in March

2021, which falls during the sample estimation period. Although, it is hard to disentangle

the effect of the SDLT holiday from that of the Help to Buy Scheme on the dependent

variable (HPI YoY growth rate) in our analysis. The Help to Buy scheme is only applied

to newly built homes, in figure 3.14 I re-estimate the synthetic control method, however

with the HPI YoY growth rate for existing (old) dwellings as the dependent variable

and the HPI YoY growth rate for newly built dwellings as dependent variable separately

which are assumed to be the target of the Help to Buy Scheme. It can be visible that

both types of dwellings benefited during the period of the SDLT holiday. The existing

dwellings had a perfect fit with its synthetic counterpart in the pre-SDLT holiday period

and the p-value based on equation 3.5.1 is 0.08, unlike the new dwellings which was not

perfectly captured by its synthetic counterpart in the pre-SDLT period and the p-value

is 0.25. That is, even in the absence of the Help to Buy scheme, the UK housing market
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Figure 3.14: Synthetic Control Method estimation on dwellings type.

Synthetic control UK for existing dwellings is made of Korea, Ireland, Norway and Austria, p-value = 1
13

= 0.08. Synthetic

control UK for new dwellings is made of Belgium, Italy, Germany and Norway, p-value= 4
16

= 0.25.

would still benefit from the effect of the SDLT holiday.

3.7 Conclusion

This paper investigates the impact of the SDLT holiday using the synthetic control

methodology. Most of the literature studying the impact of the SDLT holiday looks

at the economic wide impact using surveys data, which ignores the underlying economic

geography. This paper fills this gap in the literature by looking at the impact on the

aggregate UK and regional house prices. The results of this paper suggest that lowering

the tax rate can stimulate the activity in the housing market as agents took advantage

from widening the non-taxable bracket.

My findings show that the UK housing market is highly responsive to changes in the

property transaction taxes. The house prices responded significantly to the SDLT holiday

as the economic theory predicts. The price responses illustrated by the gap between the

UK and its synthetic counterpart show that buyers took advantage of the temporary tax

cut resulting in large-scale re-timing of the property transactions. The 12 months SDLT

holiday was able to stimulate the housing market, causing an increase in the house price

index for the UK.
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More precisely, my findings suggest that the SDLT holiday caused the aggregate UK

house price index to increase by 2.11% and 2.96% in the two quarters following the SDLT

holiday. In terms of the regional analysis, all the NUTS 1 statistical regions of the UK

benefited from the SDLT holiday with Wales and North West of England and North East

of England having the greatest increase in their house prices. However, Greater London

had a decrease in house prices in 2021 Q1. These results confirm the findings of growing

literature on the effect of COVID-19 on work displacement. As a result of the pandemic

homeowners moved outside of the capital and big cities in favour of the countryside and

coastal cities.

The results of this paper confirms the findings of policy literature that stamp duty

land tax should be reformed in order to benefit the economic activity and provide support

for households. The results also shed light on the importance of fiscal stimulus especially

property tax cuts in simulating the housing market and the real economic activity during

times of economic slowdown.
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Chapter 4

Predicting the Volatility of the S&P

500 Index: The Role of News

Sentiment

Abstract

This chapter decomposes the textual data in the U.S. Newspapers into different news

topics using unsupervised machine learning approach. I then measure the tonality of the

news topics using dictionary based approach and investigate their abilities in predicting

the volatility of stock returns. The results of this paper demonstrate that incorporating

topical news sentiment as exogenous regressors in GARCH(1,1) and GJR-GARCH (1,1)

models explains the stock returns volatility. More precisely, the news sentiment indices

for topics related to currency, monetary policy, manufacturing, trade and trade policy can

explain the variation in the volatility of stock returns. When combining the individual

forecasts using regression based method, the combined forecasts provide accuracy in

predicting the volatility of stock returns.

4.1 Introduction

Understanding the link between news media and the financial markets is a growing field in

financial economics. According to Shiller (2000) media reflects and shapes the investors’
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and managers’ beliefs, which affect their trading behaviour. Negative news can influence

the desire of investments for risk averse investors. Such that during uncertain times, the

tone of the news reported has effects on investors’ expectations. In finance, texts from

different sources of news such as financial news, social media, and company filings can

be used as a source of prediction for asset prices. The aim of this paper is to identify the

sources of economic news that can be used to enhance the prediction of the stock returns

volatility.

Tetlock (2007) is one of the earliest to employ a dictionary based method, using Har-

vard GI dictionary, to evaluate the impact of the sentiment of the news on the stock

market using VAR methodology, specifically looking at media pessimism. Their results

show that pessimistic news from the Wall Street Journal “Abreast of the Market” col-

umn predict the daily returns and volume of the U.S. Dow Jones Index. Similarly, Garcia

(2013) constructs a measure of news sentiment based on two columns of financial news

from the New York Times. Their results show that their measure of news sentiment has

ability to predict the average return of the Dow Jones Index over a one day horizon. A big

strand of the literature on the relationship between news sentiment and the stock returns

uses already classified aggregate sentiment measures. These papers use news analytics

software packages such as Thomson Reuters News Analytics (TRNA) and Ravenpack.

For example, Uhl (2014) uses the positive and negative Thomson Reuters news sentiment

index to forecast the returns of the Dow Jones index. Smales (2015), using Thomson

Reuters News Analytics firms specific news to construct an aggregate measure of news

sentiment, shows that news sentiment can predict stock returns for different industries.

Smales (2016) show that the Ravenpack news sentiment index can predict the stock re-

turns and the volatility (proxied by VIX). One limitation of the sentiment indicators

constructed using these software packages is that the software vendors focus on firm-

specific news and ignore news outside the stock market index. Constructing measures of

news sentiment using primarily firms and stock market news ignore the influence of news

related to other factors such as macroeconomic news, political news and geo-political

news which can have an affect on the stock market. Manela and Moreira (2017) con-

struct news based measure of uncertainty based on the Wall Street Journal. They show
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that the majority of the variations in their index are driven by news categories related to

Government, Wars and Stock Market. Their findings are that their measure predicts re-

turns at frequencies from six months up to 24 months. Similarly, Adämmer and Schüssler

(2020) find that news related to geo-political events predicts the equity premium for the

S&P 500 index measured by the Out-of-Sample R-squared.

According to Peng and Xiong (2006), investors have limited cognitive ability thus

they should be selective with the information they process. Da et al. (2011) demonstrate

that the wealth of information creates a poverty of investors attention. Taking these

theories in consideration in this paper, I use the unsupervised machine learning approach

to decompose textual data in the U.S. newspapers into different news topics using the

Latent Dirichlet Allocation (LDA) of Blei et al. (2003). The LDA can uncover hidden

themes in large corpus of written documents without the need to provide any prior

information on the documents themselves (Adämmer and Schüssler 2020). I then measure

the tonality of the news topics over time using the dictionary based approach of Harvard

General Inquirer dictionary. I use the final product of combining the topic modelling with

sentiment modelling to have a time series for each news topic and evaluate the ability of

news tonality in forecasting the volatility of the stock returns. The aim of this paper is to

evaluate which category of news sentiment can provide an improvement in forecasting the

volatility of the S&P 500 returns. To perform this analysis, I develop volatility forecasting

models, Generalized Auto Regressive Conditional Heteroscedasticity (GARCH) and GJR-

GARCH models and introduce topical news sentiments as exogenous regressors in these

models. I evaluate the volatility model by considering the significance of the in-sample

results and the out-of-sample forecasts. My results show that the volatility forecasts

are improved when introducing topical news sentiment indices as exogenous variables in

the GJR-GARCH models. More precisely, modelling the asymmetry effect in the GJR-

GARCH model with using the topics monetary policy, trade, trade policy, manufacturing,

currency and geo Politics can explain the volatility of stock returns. When performing

a forecast pooling exercise by combining the individual models forecasts using regression

based method, I find that the combined news sentiment topics offer better out-of-sample

forecast.
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Other papers looked at testing the ability of aggregate news sentiments in forecasting

the volatility of stock returns. Hsu et al. (2021) decompose aggregate news sentiment

into a positive measure and a negative measure. They show that the negative aggregate

news sentiment index can forecast the volatility of the Taiwanese stock index. C. Liang

et al. (2020) compares the sentiment from the newspaper to sentiment from social media

and internet media in forecasting the Chinese volatility of stock returns. They show that

social media and online media can improve volatility forecasting. The contribution of

this paper to the literature on news sentiment and volatility prediction is that this is

the first paper that looks on decomposing the news into different topics and evaluate the

sentiment of each of these topics in forecasting the volatility of the S&P 500 returns. As

well as combing the individual models forecasts into one measure of economic forecasts

that provides better out-of-sample predictions. The closest papers to this analysis are that

of Adämmer and Schüssler (2020), Larsen and Thorsrud (2019), and Ardia et al. (2019).

Adämmer and Schüssler (2020) use Correlated Topic Modelling (CTM) to decompose

the U.S. newspaper into different topics and evaluate the ability of media coverage on

different topics in predicting the equity premium. Their findings are that geopolitical

news topic has the greatest forecasting gains among all the other topics. This paper is

different in the aspects that I complement the topic modelling by sentiment analysis to

model the tonality of the news topics over time and evaluate their ability in predicting the

volatility of stock returns. Larsen and Thorsrud (2019) paper is different to this one, as

in their paper they decompose the Norwegian newspapers into topics and link the topics

to companies to assess their ability to predict the stock prices. Their news sentiment

is more akin to company/industry specific news. Whereas, the news sentiment in this

paper is more of a narrow economic measure coverage. Lastly, to decompose the news

articles into different news topics, Ardia et al. (2019) use the LexisNexis Smart Indexing

tool. Using this tool results in the articles could be related to multiple topics, which

increases the chance of having correlated topics. However, by using probabilistic models

such as Latent Dirichlet Allocation for topics identification, as in this paper, I mitigate

that problem especially that the approach I use to choose the optimal number of topics

reduces the correlation within topics.
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The rest of this paper is organised as follows. Section 4.2 describes the data, LDA

topic modelling, and the creation of the sentiment indices. Section 4.3 introduces the

GARCH and GJR-GARCH models. Section 4.4 show the results of incorporating news

sentiment in the volatility models. Section 4.5 concludes.

4.2 Data

In this paper, I evaluate the relationship between the news and the stock returns. The raw

data of the newspaper corpus is obtained from the LexisNexis database, which includes a

variety of journalistic articles, business reports and legal documents. To preserve space,

details about the news corpus is available in the appendix.

In the so-called information age, investors’ attention is a scarce cognitive resources.

Instead of reading entire newspaper articles, investors tend to process more market and

sector wide information (Peng and Xiong 2006). In identifying the relevant news to be

analysed, I use the Latent Dirichlet Allocation (LDA) approach of Blei et al. (2003) to

decompose the news articles of the major U.S. newspapers into different topics to capture

their development over time. I then evaluate the sentiment of each news topic, to evaluate

how the tonality of each news topic changed over time using Harvard GI Psychological

dictionary. Figure 4.1 below shows a flow chart of the undertaken steps to construct the

topical news sentiment indices.

The use of unsupervised vs supervised machine learning approaches in the context of

textual data analysis has been growing in the economics and data science literature. Un-

supervised machine learning aims to finding patterns or structures in the data without any

prior labeled examples or specific guidance. This approach is useful when the data is un-

structured or when the aim is to explore and gain insights from the data. Unsupervised

learning algorithms include clustering methods such as k-means clustering, hierarchi-

cal clustering and dimensionality reduction techniques like principal component analysis

(PCA) and topic modelling techniques such as Latent Dirichlet Allocation (LDA). The

LDA is unsupervised technique as it assumes that each document is a mixture of various

topics, and each topic is represented by a distribution of words. LDA iteratively assigns

words to topics and topics to documents, trying to maximize the probability of generat-
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Step 1: Data collection

Download newspapers articles from LexisNexis.

Step 2: Topic identification:

Identify the optimal number of topics by gen-
erating LDA models, tuning LDA model
parameters, and scoring model results.

Step 3: Slice the news corpus

Divide the news corpus into weekly slices.

Step 4: Data cleaning

Filter and clean the texts.

Step 5: Identify Words
and Topic Distribution
Obtain the words and topic
distribution using LDA.

Step 6: Sentiment Calculator
Calculate sentiment per news text.

Step 7: Sentiment Topic Aggregator
Aggregate sentiment across
all newspapers for each topic.

Figure 4.1: Topic modelling flow chart

ing the observed data. It independently identifies patterns and relationships within the

text corpus, clustering similar documents together and assigning words to different topics

based on their co-occurrence patterns.

On the other hand, supervised machine learning approach involves training a model

using labeled data, where each input example is associated with a corresponding output

or target value. The algorithm learns from these labeled examples and generalizes to

make predictions on new, unseen data. In the context of textual analysis, this approach

is applicable to be used to perform sentiment analysis using dictionary based methods.

In the dictionary based methods, the dictionaries are collections of word categories or

classes that are manually defined and annotated by human experts. Each word in the

dictionary is assigned to one or more predefined categories based on its semantic or con-

textual meaning. The most commonly used dictionaries are the Harvard General Inquirer
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(GI) dictionary and the Loughran and McDonald (2011) dictionary. The approach uses

dictionaries as references to determine the categories or classes to which the words in the

input text belong.

Combining both approaches together provides an illustration of the use of machine

learning in economics and finance.

4.2.1 Newspaper data

The following steps were undertaken to construct the topical news sentiment indices:

To perform newspaper topic modelling and sentiment analysis, I retrieved a set of eco-

nomic news articles from LexisNexis for major US newspapers.1 The articles come from

newspapers such as The New York Times, USA Today, Daily News (New York) Pitts-

burgh Post-Gazette, Tampa Bay Times, St.Louis Post-Dispatch (Missouri), The Atlanta

Journal-Constitution, The Tampa Tribune (Florida), The Philadelphia Inquirer, The

Daily Oklahoman (Oklahoma City, OK), Star Tribune (Minneapolis MN), The Christian

Science Monitor, The Philadelphia Daily News, Daily Journal of Commerce (Portland,

OR), and Alaska Journal of Commerce. To ensure that the news corpus covers economic

news, I restrict all the newspaper documents to include ”Econ” as the stem of the word

economics. The sample starts from 1st of January 1990 till 31st December 2015, the news

corpus includes 115,371 articles. The newspaper corpus satisfy the following criteria:

1. The geography is browsed by the United States to ensure that the news corpus focus

on the news related to the US.

2. The articles are restricted to articles written in English.

3. The subject terms are Economy & Economic Indicators and Trade & Development.

4. The news is filtered to Newspapers only and I eliminate any articles that are less

than 250 words as very short articles are likely to be noisy.

1The license used to obtain the newspapers articles does not include access to The Wall Street Journal (WSJ) and
Washington Post which are highly circulated newspapers in the United States.
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4.2.2 Data cleaning

As a starting point to clean and organise my newspaper corpus. For each article, I remove

all repeated articles, the punctuation and stop words, numbers, all the words that occur

less than 5 times.2 I apply a stemming procedure such that all the words are converted

to their roots, for example, the stem of the word economics is “econom”. This results in

having 83,000 articles.

The topic modelling analysis that I perform involves estimating the topics in real time

on a weekly basis. My news corpus has been divided into weekly slices. Such that for every

week, I collapse all the articles published in that week into one document and compute

the topics and word distributions in this one newly formed document. Performing topic

modelling in that way not only captures the evolution of topics over time, but also ensures

that the set of keywords for each topic does not include any future information beyond

that week that can distort the forecasting exercise performed in 4.3

When reading a newspaper article, it can be made of multiple topics, and the words

in that article reflect the particular set of topics it addresses. In order to model the

contribution of different topics to that article, the topics should be treated as a probability

distribution over words (Griffiths and Steyvers 2004). To decompose my news corpus into

different news topics, I use the unsupervised machine learning algorithm, Latent Dirichlet

Allocation (LDA) of Blei et al. (2003) and Blei (2012).

4.2.3 Topic Modelling: Latent Dirichlet Allocation

The main idea of the LDA analysis is to learn the word and the topic distribution of the

underlying news corpus. It is an unsupervised machine learning algorithm meaning that

there is no need for prior labeling of the articles or their content. The algorithm is known

as Latent Dirichlet Allocation as the data generating process of the algorithm depends on

two sets of Dirichlet distribution. A document can be viewed as a probabilistic mixture

of different topics.

Figure 4.2 below displays a plate notation for the LDA algorithm. I use the notations

that were highlighted in Larsen and Thorsrud (2022). The outer plate represents the

2Stop words are words that do not add much meanings such as I, me, they,. . . etc.
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entire corpus with M newspaper articles. The inner plate represents the total number

of words for all the documents N . The distribution of topics for any given article is

given by θm, m ∈ [1, 2, ...,M ]. The distribution of words for each topic is given by

φk, k ∈ [1, 2, ..., K], where K is the number of topics estimated. As illustrated by their

links, both θm and φk follow a Dirichlet distribution with hyperparameters α and β

respectively. For each word position n in the news document we draw a topic assignment

Zm,n and wordsWm,n. Consequently, each news article consists of repeated choice of topics

Zm,n (topic assignment) and words Wm,n that are drawn from Multinomial distribution

using θm and φk. Unlike all the other letters, Wm,n is coloured in grey to indicate that it

is the only observable variable in the model.

α θm Zm,n

β

Wm,n

φk

n ∈ [1, ..., N ]

m ∈ [1, ...,M ]

Figure 4.2: LDA model illustration using plate notation.

The hyperparameter α is the Dirichlet prior parameter of the per document topic distribution. The hyperparameter β is
the Dirichlet prior parameter of the per topic word distribution. θm is the article-topic distribution. φk is the topic-word
distribution.

As described in figure 4.2, I follow the multi-stage process highlighted in Blei (2012).3

In this process the per document topic distribution and the per topic word distributions

depend on the hyperparameters α and β respectively. High values of the α hyperparam-

eters will result in less dispersion of topics in an article, while low values for it indicate

more disperse distribution of topics within an article. That is to say, a low value for

α means a higher chance of documents being assigned to one single topic with a high

probability, resulting in the articles documents consisting of fewer topics. Similarly, high

values for β indicate that the probability of distribution of words to topics being even,

while low values indicate that fewer words have a much higher probability of defining

each topic. The multi stage process can be explained through two sets of distributions:

1. Distribution over topics: The theme of the articles is picked by giving the articles a
3I use the R package “topicmodels” Grün and Hornik (2011) to perform topic modelling.
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distribution over the topics, given by the θm, the allocation of the topic distributions

for the document is determined by

θm ∼ Dirichlet(α), m ∈ [1, ...,M ].

2. Distribution over words: The words distribution for each topic is given by:

φk ∼ Dirichlet(β), k ∈ [1, ...K].

3. For each word in the document:

(a) Choose a topic from the distribution of topics in step 1, Zm,n ∼ Multinominal(θm).

(b) Given that chosen topic, choose a word randomly from the corresponding dis-

tribution over the vocabulary, Wm,n ∼ Multinominal(φZm,n).

According to steps 1 and 2 θm and φj follow Dirichlet distribution with hyperparam-

eters α and β respectively. Steps 1, 2 and 3 can be summarised as for each article, each

word is chosen according to first selecting a topic (step 1) and then selecting a word

that is associated with this topic (step 2). Step 3a illustrates that the selected topic is

chosen from the per-article distribution over topics. Step 3b defines that each word in

each article is drawn from one of the topics.4 The calibration of the hyperparameters α

follows Griffiths and Steyvers (2004), such that it is allowed to vary based on the number

of topics K, while the hyperparameter β is allowed to vary based on the number of words

in all the documents W . Although Griffiths and Steyvers (2004) use a calibrated value

for β as 0.1, I calibrated β in a data driven approach such that the hyperparameter varies

according to the number of words in the documents. In Griffiths and Steyvers (2004),

the corpus included scientific research. Using the same value of 0.1 in economics news

may not be appropriate.5

α =
50

K
, β =

200

N
.

Choosing K is a model selection problem. A small number of topics could result in

overlapping between topics i.e. some words may appear in more than one topic. However,
4See Blei et al. (2003) for details of the data generating process of LDA topic modelling.
5Larsen and Thorsrud (2022) also calibrate α and estimate β in the same way.
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a large number of topics could result in them being redundant and hard to interpret (Q.

Liang et al. 2021). I follow the Gibbs sampling algorithm of Griffiths and Steyvers (2004)

and the density based method of Cao et al. (2009) in choosing the optimal number of

topics. Griffiths and Steyvers (2004) use a Bayesian statistical method in determining

the optimal number of topics using Gibbs simulations.6 The optimal number of topics is

the one that maximised the likelihood P (w|K) where w is the words in the corpus and

K is the number of topics.7 Figure 4.3 shows the estimates of P (w|K) across different

number of topics K ranging from 5 to 25 topics. The P (w|K) increases as a function of

the number of topics, peaking at 17 topics then decreasing before it exceeds that value

for the number of topics of 20 to 25.

On the other hand, the optimal number of topics according to Cao et al. (2009) relies

on the topic density through minimizing the average cosine similarity across topics. The

cosine similarity (SC) is a common metric that is used to measure the degree of topic

similarity between documents. The cosine similarity measures the similarity between two

vectors of an inner product space. It is measured by the cosine of the angle θ, where θ is

the angle between the two vectors x and y. The cosine similarity between the two vectors

x and y can be written as:

SC(x, y) = cos θ =
xTy

∥x∥ ∥y∥
=

∑n
i=1 xiyi√∑n

i=1 x
2
i

√∑n
i=1 y

2
i

,

where ∥x∥ is the Euclidean norm of vector x and ∥y∥ is the Euclidean norm of vector

y. The resulting similarity can range between -1 to 1. Having a cosine similarity of

-1 meaning that the vectors are exactly opposite, while a similarity of 1 indicates that

they are exactly the same. Having values in between 0 and 1 indicates an intermediate

degree of similarity.8 A cosine similarity of 0 indicates orthogonality between the vectors,

meaning that the two vectors are at 90 degrees of each other. A cosine similarity close

to 1 indicates a smaller value for the angle θ and therefore high similarity between the

vectors.

In the context of topic modelling, the vectors xi and yi are vector representation of

6To determine the optimal number of topics, I use the R package lda tuning (Nikita and Chaney 2020).
7P (w|K) can be estimated as the harmonic average of P (w|z,K) when z is sampled from the posterior P (z|w,K).
8Cao et al. (2009) verified that in topic modelling the cosine similarity falls between 0 and 1.
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each topic, obtained based on the topic–word probability distribution matrix. As I am

dealing with economics news, they all have some degree of similarity, thus, I will expect

that the angle between two topic vectors θ cannot be greater than 90◦. This makes the

value of similarity between topics to be between 0 and 1. The cosine similarity (SC)

between the topic pairs Ti and Tj based on the topic-word probability distribution can

be written as:

SC(Ti, Tj) = cos θ =
TT
i Tj

∥Ti∥ ∥Tj∥
=

∑V
v=0 TivTjv√∑V

v=0(Tiv)
2

√∑V
v=0(Tjv)

2

. (4.2.1)

A small value of similarity indicates that the topics are more independent and therefore

little topic overlap.9 The average distance of the topic can be calculated as:

average distance (structure) =

∑K
i=0

∑K
j=i+1 SC(Ti, Tj)

K × (K − 1)/2
. (4.2.2)

A smaller value indicates that the model is more stable i.e. fewer overlap. As illustrated

in figure 4.4 the average distance has a big dip when the number of topics K is 17 before

it starts to increase again. Therefore, I will proceed with using 17 topics as the optimal

number of topics.

Once the news corpus is distributed across 17 topics and the word distribution across

different topics have obtained. The output is unlabelled topics, just numbered topics,

for example topic 1, topic 2,. . ., etc. Referring to the topics by numbers does not give

economic intuition. The topics are then labeled by visual inspection of the top keywords

distributions. The label of the topic reflects the theme of that topic. For instance, if a

newspaper article has high proportion of words such as “interest”, “inflation”, “rate” then

it is accounted for as a part of the monetary policy topic. Table 4.1 shows the top five

words that appear for each topic over time. The words may change from time to another

as some words may appear and disappear based on the state of the events happening in

the economy. For example in the monetary policy topic, as the topic models follow real

time estimation, in 1998 the word “greenspan” for Alan Greenspan appears as one of the

9Cosine similarity SC differs slightly from Pearson correlation measure ρx,y . The Pearson correlation can be written

as: ρx,y =
∑n

i=1(xi−x̄i)(yi−ȳi)√∑n
i=1(xi−x̄i)

2 ∑n
i=1(yi−ȳi)

2
Pearson correlation and the Cosine similarity can be equal if and only if the

vectors x and y have zero mean, which is not the case here as the vectors are obtained based on the topic-word probability
distribution.
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Figure 4.3: Griffiths and Steyvers (2004) optimal number of topic selection.

Displaying the log-likelihood of the corpus for different number of K topics.
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Figure 4.4: Cao et al. (2009) optimal number of topic selection.

Lower average distance indicates more stable model i.e. better model performance.
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keywords. However, during the global financial crisis, among the top words that always

appeared were “credit”, “debt”, “bernank”, “mortgage” appeared. The word “bernank”

stands for Ben Bernanke the Fed Chairman during that period. Performing the LDA

topic modelling in this way ensures that that the keywords for each topic follows a real

time estimation. For example, the word “Trump” prior to 2015 used to appear in the

company topic as it was associated with Trump’s business ventures, while afterwards it

appears in the topic political economy as this was the time when Donald Trump was

running for the U.S elections. Similarly there are some words that can appear at some

point of time and disappears afterwards.

Table 4.1 shows the topic-word distribution for each topical news sentiment. The top

words column shows the top five words that appear all the time for each topics. Other

words can be mentioned as keywords depending on the time and the events taking place.

For example, in the geo-political topic during the time of the Gulf war and the Iraq war,

the word war appeared more frequently. However in 2013 around the time of the nuclear

deal negotiations between Iran and the U.S., the words Iran and nuclear appeared more

frequently.

Label Top words

Monetary policy rate, fed, bank, money, inflat
Stock market market, stock, share, investor, dow

Commodities and energy gas, energi, oil, drill, coal
Fiscal policy budget, tax, fiscal, stimulus, spend

Economic performance report, economi, unemploy, growth, quarter
Local economy counti, region, local, state, tampa

Politics republican, democrat, presid, senat, congress
Geo-politics nuclear, war, iran, sanction, bush

Trade import, trade, export, deficit, surplus
Trade policy nafta, zone, mexico, global europ

Foreign economy europ, imf, america, mexico, britain
Manufacturing manufactur, factori, order, product, order

Company and business inc, execut, compani, board, market
Travel and tourism travel, tourism, hotel, florida, visitor

Housing hous, home, properti, mortgage, foreclosur
Construction and development develop, build, project, construct, plan

Currency dollar, rate, currenc, yen, japan

Table 4.1: Descriptive analysis for each news topic and their associated top words.

The first column shows the label assigned to each topic based on their top key words. The second column shows the top
words for each topic.

Different words have different weights in their topics across different contexts. For
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instance, the word credit becomes important for the monetary policy topic during the

recession period, while disappears or have very small weight during the post-recession

period. To illustrate this, I show in figure 4.5 word cloud for the monetary policy topic

during the recession period, which starts from December 2007 to June 2009 and the post

recession period which starts from July 2009 till December 2015. The words with larger

font have higher probability of appearing in that topic during that period based on the

posterior distribution of the words and the documents. As displayed in panel (a) during

the recession period, the words credit, crisi, mortgage, loan and secur have bigger fonts

due to their importance during this period. However, for the post recession period, these

words either disappeared or appear with smaller font to display the lack of the importance

for them.

4.2.4 News Sentiment

Following the decomposing of the news into different topics, to understand the tonality

of the news, I transform the news into a sentiment measure. Each news article document

will be assigned a sentiment score as either positive, negative or neutral. I use a dictionary

based machine learning approach to perform lexical sentiment analysis for each of the

17 topics obtained by the LDA method over time. Lexicon-based sentiment analysis

has an advantage over the commonly used measures of economic sentiment in terms of

cost, timeliness and scope. There are several concerns of the commonly used measures of

economic sentiment, as consumers and business surveys they suffer from several problems

such as being costly to obtain and ignoring key information beyond the firms and the

stock market news.

The main idea of the Lexicon-based sentiment analysis is the qualification of linguistic

patterns (e.g. words or sentences) as positive, negative, or neutral using predefined lists

called lexicons,(Ardia et al. 2019). I follow the literature of news sentiment in economics

and finance by using the General Inquirer (GI) Harvard IV-4 dictionary when applying

the standard bag-of-words approach to compute the net sentiment of each document.

The dictionary is composed of 3628 words which are decomposed of 1637 positive words
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(b) Monetary Policy topic during the post-recession period.

Figure 4.5: Topic Modelling Over different periods.

Estimation of the topic modelling during the recession and post recession periods. The size of each word is based on
posterior distribution of words and documents to topics.
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and 1991 negative words.10 According to Tetlock (2007), Larsen and Thorsrud (2022),

the Harvard GI dictionary is more applicable for economic and non-economic news than

the financial dictionary of Loughran and McDonald (2011) which performs well when

applied to financial and company reports such as the 10-K reports.

Similar to Ardia et al. (2019), we consider for valence shifting words. Valence shifting

words are words such as absolutely, hugely, very, barely, not that can affect the nearby

words. An example of the effect of valence shifting words is “not genuine”, under the

default dictionary approach, the word “genuine” is a positive with a score of 1, but due to

the negator valence shifting word that precedes it is negative and has a score of -1. After

accounting for all the positive and negative words of each news article and valence shifting

words, the sentiment is calculated on a sentence level in every paragraph in each article.

The net sentiment for an entire document is therefore constructed as the proportion of

words in the article that are positive minus the proportion of words that are negative:

sn,t =
N+
n,t −N−

n,t

N+
n,t +N−

n,t +N0
n,t

, ∈ [−1, 1] , (4.2.3)

Where N+
n,t is the number of positive words for article n on day t , N−

n,t is the number

of negative words, N0
n,t is the neutral words. The weekly sentiment per topic K is con-

structed by aggregating the sentiment of all the articles published during that week.11

The higher the value of net sentiment indicates more optimistic news for topic K. The

news sentiment per each news article takes a value between -1 and 1. Figure A.23 in the

appendix shows an example of an article from the economic news topic that was pub-

lished in the Associated Press in March 2014. This article has the lowest sentiment as it

discusses the situation of the labour market in the U.S. following the great recession.

In figure 4.6 below I show the evolution the sentiment on a weekly basis for the entire

news corpus from January to December 2015. In the appendix, I display figures A.24,

A.25 and A.26 which illustrate the sentiment evolution for each news topic per week from

January 1990 to December 2015. The graph shows that the sentiment for each news

10Details about the Harvard GI dictionary are available at the General Inquirer webpage.
11The recursive approach that is applied to topic modelling is that for every week, all the news articles are collapsed

into one document then the topic modelling algorithm finds the top words associated with each topic. Hence, this does not
differentiate between the effects of some keywords that are not considered in the Harvard GI dictionary. Therefore, one
would not be able to see the effect of delaying any of the keywords.
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topic captures the U.S. business cycle and other economic and political developments.

For example, economic performance and the stock markets topics have their greatest

dips during the time of U.S. recession, similarly applies to the housing market topic. In

addition to this, the Political Economy topic have fluctuations during the times of tight

U.S. elections, for example it had a dip during the 2000 Bush elections and 2008 Obama

elections. Similarly, figures A.28, A.29 and A.30 show the application of the Loughran

and McDonald (2011) dictionary on the news corpus, this dictionary consists of 2709

words, with 368 positive words and 2340 negative words. The aggregate news sentiment

of the GI dictionary and the Loughran and McDonald (2011) have very similar evolution

overtime and the Pearson correlation coefficient is 0.6.

Figure A.32 shows heat map of the correlation matrix between individual news senti-

ment indices. As illustrated, the highest correlation coefficient is between the company

news topic and the commodities news topic such that it the Pearson correlation coeffi-

cient is 0.157. The correlation between the topics tend not to be strong and this can

be explained by the choice of the optimal number of topics according to the Cao et al.

(2009) approach that reduces the correlation between individual topics.
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Figure 4.6: News corpus net sentiment.

Net sentiment for all the news corpus that combines 17 news topics on a weekly basis from 03/01/1990 to 28/12/2015.

The net sentiment is calculated as sn,t =
N+

n,t−N−
n,t

N+
n,t+N−

n,t+N0
n,t

.
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Figure 4.7: Harvard GI Dictionary and S&P 500 returns.

Harvard GI Dictionary versus S&P 500 returns.

The negative (positive) news sentiment implies an increase in the pessimism (opti-

mism) about the market expectations that can affect the investor’s trading behaviour. In

the following section, I will investigate which topical news sentiment index can enhance

the predictions of the volatility of stock returns. Figure 4.7 shows that the Harvard GI

dictionary can approximate the S&P 500 index returns. Both figures tends to have de-

crease during time of recessions as highlighted by the US recessionary bars. The degree

of correlation between both indices is 0.30.

The news sentiment is calculated using the “Sentometrics” package on R. In this

package under both dictionaries, the positive words have a sentiment score of 1, while

a negative words has a sentiment score of -1. This makes negative words and positive

words have same impact. However, the inclusion of valence shifting words, which have

different scores based on their intensity, the sentiment analysis becomes more nuanced

and acknowledges that certain words can have a stronger or weaker impact on the overall

sentiment.12 It allows for the consideration of the intensity or strength of the sentiment

12The valence shifting words have scores either 1.8, 0.2, or -1 based on their intensity. For instance, the word totally has
a score of 1.8 and the word barely has a score of 0.2 but the word can’t has a score of -1 as it indicates negative valence
shifting word.
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expressed by each word. An alternative dictionary that is used is the Baccianella et al.

(2010) SentiWordNet dictionary that is made of 8898 positive words and 11,029 negative

words. This dictionary is a weighted lexicons, where words are weighted according to their

degree of positiveness or negativeness. For example, the word accident has a sentiment

score of -0.437, while the word acquire has a sentiment score of 0.250. Figure A.31

shows the net sentiment of this dictionary overtime. The SentiWordNet dictionary has a

correlation of 0.54 with the Harvard GI dictionary.

One alternative for the textual analysis is the Term Frequency Inverse Document

Frequency (Tfidf) approach. This technique measures the importance of a term in a

document within a corpus by considering both the term frequency (TF) and the inverse

document frequency (IDF). However using this approach is not feasible given the use of

Sentometrics R package which only performs the weighting using IDF, identify terms that

are relatively rare or unique to certain documents and therefore carry more meaningful

information.

4.3 Model:

The time series of the stock prices for the S&P 500 composite price index is obtained from

Bloomberg for the period 1990 to 2015 on a weekly basis for a total 1357 observations.The

weekly price returns rt are computed as the continuously compounded return on the asset

over the period t− 1 and t.

rt = log

(
Pt
Pt−1

)
× 100 (4.3.1)

Pt and Pt−1 are the end of week prices for the current and the previous week respectively.

Figure 4.8 displays the weekly prices and returns from 1990 to 2015, as displayed, the

stock prices and returns decrease during the time of the recessions.

Engle (1982) proposed the Autoregressive Conditional Heteroscedasticity ARCHmodel

in order to analyse the volatility of financial time series. In financial time series the vari-

ance of the errors is not constant, thus this invalidates the homoscedasticity assumption

of the linear regression model. The plots in figure 4.8 are useful visual diagnostics for de-
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(a) End of week S&P 500 index prices.
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(b) End of week S&P 500 index price returns.

Figure 4.8: S&P 500 prices and returns.

Panel (b) shows the weekly prices are based on the end of week daily prices, returns are calculated based on equation
4.3.1.
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tecting ARCH. Therefore it is important to consider using a model that does not assume

a constant variance. If the conditional mean equation of the stock return rt is:

rt = µ+ ut. (4.3.2)

The residual term at time t, rt − µ can be defined as

ut =
√
htηt ηt ∼ i.i.d.N(0, 1). (4.3.3)

A simple ARCH (p) model can then be written as:

ht = α0 +

p∑
i=1

αiu
2
t−i. (4.3.4)

Where ηt is iid normal innovation with a mean of zero and a variance of one, ut is normally

distributed with a mean of zero and a variance σ2. As ht is the conditional variance, it

must be positive to ensure this, all the coefficients for an ARCH(p) model should be

positive. That is, where α0 > 0 and αi ≥ 0 ∀ i = 1, 2, ..., p.

Bollerslev (1986) extended the ARCH model by introducing the Generalized Autore-

gressive Conditional Heteroscedasticity (GARCH) model such that the conditional vari-

ance is dependent on q of its previous lags in addition to p lags of squared residuals from

the mean equation 4.3.2.

ht = α0 +

p∑
i=1

αiu
2
t−i +

q∑
j=1

βjht−j. (4.3.5)

The non-negativity constraints ensure that α0 ≥ 0, αi ≥ 0 ∀i = 1, 2, ..., p. βj ≥ 0 ∀j =

1, 2, ..., q and α1 + β1 ≤ 1. Similar to the ARCH(p) model the kurtosis of the GARCH

model tends to be far less than the sample kurtosis observed for most financial return

series. Bollerslev (1986) finds evidence of conditional leptokurtosis in monthly S&P 500

index returns, i.e. larger than that of the normal distribution.

Although the GARCH(p,q) model is successful in capturing volatility clustering, it

does not account for the leverage effect of shocks, as in financial time series models a
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negative shock is likely to cause volatility to rise by more than a positive shock of a

similar magnitude, however by squaring the lagged residuals the magnitude of the signs

is lost. I will use the GJR-GARCH of Glosten et al. (1993) and Zakoian (1994) as an

extension to the basic GARCH model. This extension includes a dummy variable It that

permits a response of volatility to positive and negative shocks, the dummy variable It

takes a value of 1 if there is a negative shock and zero otherwise. Asymmetric leverage

effect is present if γk > 0∀ k = 1, 2, ...r. Therefore, in this model good news and bad

news have different impacts on conditional volatility, the good news has an impact of αi,

while bad news has a greater impact i.e. the impact of (αi + γk). That is to say, the

GJR-GARCH model can be written as:

ht = α0 +

p∑
i=1

αiu
2
t−i +

q∑
j=1

βjht−j +
r∑

k=1

γku
2
t−kIut−k<0, (4.3.6)

It−k =


1, if ut−k < 0

0, otherwise

(4.3.7)

The aim of this paper is to investigate the ability of topical news sentiment indices

that are constructed and explained in section 4.2 to predict the volatility of stock returns.

In other words, I ask: does the tone of the news about different news topics impact the

volatility of stock returns? To answer this question, I introduce one lag of the news sen-

timent variable as an exogenous variable to the GARCH and GJR-GARCH of equations

4.3.5 and 4.3.6. That is to say the GARCH-X(p,q) and the GJR-GARCH-X(p,q,r) can

be written as:

ht = α0 +

p∑
i=1

αiu
2
t−i +

q∑
j=1

βjht−j + ψXt−1, (4.3.8)

ht = α0 +

p∑
i=1

αiu
2
t−i +

q∑
j=1

βjht−j +
r∑

k=1

γu2t−kIut−1<0 + ψXt−1, (4.3.9)

where X is an exogenous variable which shows the net sentiment for each topic. My

analysis is mainly driven by the findings of the literature that trading in the stock markets

can be affected by different types of news such as macroeconomic, geo-political, company-
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specific news, local level news,...etc. News events across different news categories can

offer an economic explanation for the stock returns volatility. Peng and Xiong (2006)

and Ben-Rephael et al. (2017) find that the reaction of the institutional investors and the

retail investors differ in regard to major news events, which can affect the magnitude of

the volatility. Investigating which source of news events can influence the stock returns

has not been examined in the literature of volatility predictions before. In order to

evaluate the ability of the news sentiment in predicting the volatility of the stock returns,

I extend the GARCH model to include the news sentiment of different news categories

as exogenous regressors. As shown in Antweiler and Frank (2004) and Tetlock (2007)

that texts from the internet and newspaper news can predict the stock prices. Including

the news sentiment as an exogenous variable which can provide an explanation for the

volatility of the stock returns. The literature of news sentiment and GARCH modelling

found a negative relationship between the tones of the news and the volatility of returns.

Smales (2015) shows that there is a negative relationship between news sentiment and

volatility. Illustrated in the sign of the coefficient of news sentiment in the GARCH

model, his findings illustrates that positive news causes a decrease in the volatility in

the gold futures market. Similarly, Hsu et al. (2021) confirm this negative relationship

by showing that negative news tends to increase the volatility of the returns from the

Taiwanese stock market. In a similar context, Puzanova and Eratalay (2021), find that

an increase in the good news sentiment of the housing market causes the volatility of

returns of Scandinavian banks to decrease.

The choice of lags in the above mentioned GARCH models is based on the Akaike

Information Criterion (AIC) and the Schwarz Information Criterion (SIC).

AIC = 2P − 2 ln(L), (4.3.10)

SIC = ln(N)P − 2 ln(L), (4.3.11)

where P is the number of estimated parameters in the model, L is the maximum value

of the likelihood function for the estimated model and N is the number of observations.
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The empirical analysis is making use of the GARCH and GJR-GARCH model in

particular as of the GARCH family for the following reasons. I start by looking at the

GARCH model which is criticised for its simplicity in not capturing the asymmetric

response of the volatility to negative and positive shocks. I include the news sentiment

as exogenous variable to understand if in a simple GARCH model can the volatility be

explained by the exogenous variable. I then utilise the GJR-GARCH model which is able

to overcome the simplicity of the GARCH model in my analysis such that:

• The GJR-GARCH model incorporates a parameter that captures the notion of dif-

ferent volatility dynamics in different market regimes. In another words, during a

period of economic downturn, the coefficient γ of the dummy variable Iut−k
will have

a non-zero value, capturing the effects of the negative shock. It is plausible to assume

that there may be distinct periods of high and low volatility regimes depending on

the prevailing market sentiment. The dummy variable Iut−k
in the GJR-GARCH

model allows for capturing such regime shifts, enabling a more nuanced analysis of

volatility responses to news sentiment. Which is a phenomenon that can not be

applied with other models of the GARCH family such as a basic GARCH model or

IGARCH model which focuses primarily on modeling the persistence of volatility

over time rather than capturing the volatility asymmetry.

• Including news sentiment as an exogenous variable in the GJR-GARCH model allows

for examining the impact of news sentiment on the stock market volatility across

different times of volatility regimes, potentially providing insights into how market

participants react to news events.

4.4 Results:

In this section I evaluate if a volatility model incorporating the topical news sentiment

indices can capture the investor reaction and thus explain the stock returns volatility in

terms of in-sample and out-sample periods. I now change the measure of news sentiments

such that the weekly news sentiment indices are measured based on the end of the week

observations to match the way the weekly stock returns are measured. The in-sample
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period is from 08/01/1990 to 30/12/2013, this includes 1251 data points, while the out-

of-sample period is from 06/01/2014 to 28/12/2015, including 105 data points.

As a starting point to the analysis, table 4.2 below shows the summary statistic

of the returns of the S&P 500 index for the entire sample period from 08/01/1990 to

30/12/2015. As displayed in the table, the weekly average return is 13.03 percent, the

weekly standard deviation is 2.303 and the weekly variance is 5.303. The coefficient of

Kurtosis, which measures the thickness of the tails of the distribution is 9.739 higher than

that of the normal distribution of 3, rejecting the Gaussianity assumption i.e. implying

that the stock returns do not follow a normal distribution. Similarly, the Jarque Bera

test for normality of the returns distributions yield a statistic of 2687.565 which rejects

the null hypothesis of normally distributed returns at any critical value. Engle and Pat-

ton (2007) discuss that among the stylized facts of financial returns, the unconditional

distribution of asset returns has heavy tails. Figure 4.9 below displays a Q-Q plot that

compares the distribution of the S&P 500 returns to that of the normal distribution. As

the data is not symmetrically lying on the curve, this confirms that the S&P 500 weekly

price returns has more extreme values than the normal distribution. A visualisation of

the autocorrelation functions of the returns and the squared returns is in figure 4.10. As

displayed in the panel of the returns, there is weak dependence in the mean of the series.

For the squared returns however, the plot displays dependence in the volatility of returns.

rt

Mean 0.130
Median 0.241
Maximum 11.356
Minimum −20.836
Std. Dev. 2.303
Skewness −0.733
Kurtosis 9.739

Jarque-Bera 2687.565
Observations 1356

Table 4.2: S&P 500 index weekly returns summary statistics.

The entire sample period is from 08/01/1990 to 28/12/2015, a total of 1356 observations.
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Figure 4.9: Q-Q plot for the S&P 500 returns.
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(a) Autocorrelation Function for returns.
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(b) Autocorrelation Function for squared returns.

Figure 4.10: Autocorrelation functions for S&P 500 returns and squared returns.
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4.4.1 GARCH Model:

The first step in performing the volatility modelling is to identify the appropriate model

that fits the conditional volatility best. Table 4.3 shows that the optimal choice that

yields the lowest Akaike Information Criterion and Schwarz Information Criterion values

1 lag for the squared residuals and 1 lag for the conditional variance. Hence, I will follow

the information criterion and apply 1 lag for the GARCH and GJR-GARCH models.

AIC SIC
p q=1 q=2 q=1 q=2

1 4.247 4.247 4.262 4.266
2 4.2469 4.248 4.266 4.271
3 4.248 4.249 4.271 4.276
4 4.240 4.240 4.267 4.276

Table 4.3: Optimal lag selection.

AIC is the Akaike Information Criterion, SIC is the Schwarz Information Criterion. The choice of 1 lag for squared residuals
and conditional variance is the optimal choice as it reduces the information criterion values for both the AIC and SIC.

The estimations of the GARCH(1,1) and the GARCH(1,1)-X models are displayed in

table 4.7 and the robust Bollerslev-Wooldridge standard errors are in the parentheses. For

the GARCH(1,1) the mean and variance equations are illustrated in the second column.

As illustrated in the table, the volatility persistence (α1 + β1) is 0.978. I then test the

null hypothesis of Integrated GARCH that α1 + β1 = 1 in other words, that the model

has a unit root in variance.13

Test Statistic Value df Probability

t-statistic −7.801 1247 0.000
F-statistic 60.848 (1, 1247) 0.000
Chi-square 60.848 1 0.000

Table 4.4: Testing of Integrated GARCH (IGARCH).

The Wald test of null hypothesis is that α1 + β1 = 1 i.e. unit root in variance.

As the primary focus of the paper is to consider the conditional relationship between

the volatility of stock returns and the topical news sentiments. Panel (a) of figure 4.11

shows the square root of the conditional volatility
√
ht of GARCH(1,1) model for the

in-sample period. Columns 4 to 20 of table 4.7 shows the estimation of the conditional

13Table 4.4 shows the estimation of the Wald test. As displayed in the table, I reject the null hypothesis in favour of the
alternative hypothesis that the conditional variance is not integrated.
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volatility with topical news sentiments as exogenous variables. The coefficients of the

ARCH term u2t−1 and the coefficients of the GARCH term ht−1 are highly significant

indicating persistence in the volatility levels for all the specifications. That is, high

volatility is followed by high volatility and low volatility is followed by low volatility.

To evaluate the ability of topical news sentiment in explaining the conditional volatility,

the coefficients ψ of the topics Monetary Policy, Trade, Trade Policy, Local Economy

and Manufacturing are negative and highly significant, indicating that the conditional

volatility decreases as tone of the news becomes more positive. However, for the topics

Commodities, Currencies and Politics, the coefficients are positive and significant. This

can be explained as positive news for the commodities market are associated with an

increase in the commodity prices which can have an effect on the volatility of stock

returns. Similarly, positive news about appreciation in the currency market can increase

the volatility of stock returns in the stock market.

4.4.2 GJR-GARCH Model:

To model the leverage effect, I estimate the following GJR-GARCH(1,1) model:

ht = α0 + α1u
2
t−1 + β1ht−1 + γu2t−1Iut−1<0. (4.4.1)

Panel (b) of figure 4.11 shows the square root of the conditional volatility
√
ht of GJR-

GARCH(1,1) model for the in-sample period. The graph shows that during the times

of economic recessions, the volatility of the GJR-GARCH(1,1) is higher than that of

the GARCH(1,1) model, confirming the leverage effect phenomenon that negative news

shocks have a greater impact on volatility than positive ones.

As illustrated in table 4.8 , the persistence of the volatility drops when estimating the

GJR-GARCH(1,1) model. The volatility persistence (α1 + β1) is 0.837. The coefficient

of the asymmetric leverage effect u2t−1Iut−1<0 is positive and highly significant indicating

asymmetry in the conditional volatility arising from the innovations in the stock returns.

I now introduce the topical news sentiment as exogenous variables for the GJR-GARCH

to investigate the forward looking predictability of the news sentiment, such that the
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following GJR-GARCH(1,1)-X is estimated:

ht = α0 + α1u
2
t−1 + β1ht−1 + γu2t−1Iut−1<0 + ψXt−1. (4.4.2)

As explained in section 4.3, Xt−1 is the one lag of the net sentiment for each topic. The

output of the estimation of this equation is in columns 4 to 20 in table 4.8 below. The

coefficients of the exogenous variablesXt−1 are negative and statistically significant for the

topics Monetary Policy, Trade, Trade Policy, Geo Politics, Currency and Manufacturing.

This confirms the results of the GARCH-X(1,1) model that these topics can explain the

conditional volatility for the S&P 500 weekly returns. These findings are similar to that

of Adämmer and Schüssler (2020) they find that out of 100 topics, the volume of news

topics related to politics and war only can forecast the stock returns.14

Finding a negative relationship between the news sentiment and the volatility of stock

returns was documented in the literature.15 To show the contribution of each variable

to the conditional volatility, figure 4.12 displays the estimated conditional volatilites
√
ht for the models with statistically significant coefficients for the news sentiment ex-

ogenous variables plotted along with the conditional volatility of the GJR-GARCH(1,1)

model. As displayed, there exists variation in the conditional variance for each the GJR-

GARCH(1,1)-X model. For instance, during the time of the financial crisis, highlighted

by the third recessionary bar, the conditional volatility of the monetary policy was the

highest, reaching 10.7. This variation in the conditional volatility encourage the con-

struction of a series that combines the forecasts for each of these individual models. It is

important to stress that the positivity of the conditional variance for all the models can

be visualised for the GJR-GARCH(1,1)-X models.

I then divide my estimation sample into two sub-sample periods and estimate GARCH

and GJR-GARCH models for each period to evaluate the ability of the topical news sen-

timent indices in explaining the conditional volatility during these periods. The first

sub-sample is the recession period and the second sub-sample is the post-recession (ex-

pansion) period. I follow the NBER recession dates when dividing my sample into these

14Manela and Moreira (2017) find that news related to war and government can predict the stock returns.
15Smales (2015), Hsu et al. (2021) find a negative relationship between net news sentiment and conditional volatility.

Similarly, Puzanova and Eratalay (2021) find a negative relationship between good news and stock return conditional
volatility.
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(a) GARCH(1,1) Conditional volatility.
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(b) GJR-GARCH(1,1) Conditional volatility

Figure 4.11: Estimated conditional volatility.

√
ht for GARCH(1,1), GJR-GARCH(1,1) The shaded bars represent the NBER recession periods.

periods. The NBER defines a recessionary period as a period that starts at the peak of a

business cycle and ends at the trough. This means that the recession started in December

2007 and ended in June 2009. The post-recession period, covering the period of July 2009

to the end of the sample. Smales (2015) and Hsu et al. (2021) find that negative news

has a strong effect on the volatility of stock returns during the recessionary period.

As displayed in the appendix, tables A.35 and A.36 show the output of the GARCH(1,1)-

X in the recession and post-recession periods respectively. While, tables A.37 and A.38

show the output of the GJR-GARCH(1,1)-X in the recession and the post-recession pe-

riods. The topics Monetary Policy, Currency show a significant asymmetric effect on

the volatility of the stock returns in the GARCH(1,1)-X and the GJR-GARCH(1,1)-X

during the recession and post-recession period. The magnitude of this effect depends on

the state of the economy. However, there are some indices that show significant effect

on the volatility depending on the period such as the Commodities, Construction and

Tourism topical indices which have a significant effect in the post-recession periods.

4.4.3 Out-of-sample Predictability

To evaluate the ability of the topical news sentiment indices in enhancing the volatility

prediction, I perform an exercise to predict the one step and the multi step ahead stock

returns conditional volatility. Such that the out-of-sample period covers 104 observations
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Figure 4.12: Estimated Conditional Volatility for the GJR-GARCH-X(1,1) model.

√
ht for GARCH(1,1), GJR-GARCH(1,1) The shaded bars represent the NBER recession periods.

and runs from 06/01/2014 to 28/12/2015 and obtain the fitted volatility series for the

S&P 500 index for each specification.

I perform a one step ahead out of sample forecasts (h=1), then I perform multi step

ahead forecasts (h>1). The one step ahead forecasts are computed in a recursive man-

ner, this involves forecasting one week ahead, then refitting the model after every time

step based on the new information that feeds into the forecasts. For the out-of-sample

period, I generate the forecasts for the one step ahead conditional variance ht+1 for the

GARCH(1,1) model as:

Et [ht+1] = α0 + α1u
2
t + β1ht. (4.4.3)
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Similarly, in the GJR-GARCH(1,1) the one step ahead forecasts can be written as:

Et [ht+1] = α0 + α1u
2
t + β1ht + γu2t Iut<0. (4.4.4)

The one step ahead forecasts for the conditional volatility obtained from the GARCH(1,1)

and the GJR-GARCH(1,1) models are displayed in figure 4.13. In figure A.33 I display

the plot of the one step ahead forecasts of the conditional volatility for the GARCH(1,1)-

X and GJR-GARCH(1,1)-X for the models that had statistically significant exogenous

variables in the in-sample period as explained in the previous section. Panel (a) of figure

A.33 displays the one step ahead forecasts of the GARCH(1,1)-X model, while panel (b)

displays the one step ahead forecasts of the GJR-GARCH(1,1)-X model. The forecast-

ing exercise performed in this paper is performed using EViews static forecasts which

performs one step ahead forecasts in a recursive estimation approach. The forecasting

exercise is only performed to one step ahead due to the limitations available with EViews

program which is unable to perform forecasts with two step ahead forecasts or longer.16
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Figure 4.13: One step ahead forecasts of the conditional volatility.

Conditional volatility is plotted as
√
ht for the GARCH(1,1) and the GJR-GARCH(1,1). The out-of-sample period is from

06/01/2014 to 28/12/2015.

Bates and Granger (1969) were the first to show that a combination of individual fore-

16EViews has the dynamic forecast procedure which forecasts with h > 1. However, with this procedure, performing
forecasts evaluation and comparing different methods across different horizons could be problematic. That is, the root
mean squared error for multi-step ahead (h > 1) forecasts is computed with a smaller sample size than that of the one
step ahead (h = 1) as we approach the end of the data, potentially penalizing long-range forecasts more severely at the
beginning of the forecasting sample.
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casts can out-perform the individual forecasts themselves. I aggregate the out-of-sample

forecasts obtained from the GJR-GARCH(1,1)-X models using a forecast combination

approach. Such that I have a set of combined forecasts for the one step ahead forecasts

and another combined forecast for the multi step ahead forecasts.17 The combination of

forecasts of ĥc,t+h are weighted averages of the individual N forecasts:

hc,t+h =
N∑
i=1

ωiĥi,t+h, (4.4.5)

where ωi is the weight assigned to each forecast and hi,t+h is the forecast for each individual

topic. In this case, I combine forecasts of five topics, N = 5. There are several ways to

obtain weights for ωi. They range from simple averaging schemes such as mean, median

and trimmed mean to sophisticated methods such as a regression based approach.

Using regression to combine forecasts is based on matching the target series that I need

to forecast with the conditional volatilities from individual models. The target series is

the realised volatility proxy, I use the squared residuals u2t as a proxy for volatility.18

That is to say, I run the following regression using the in-sample period observations to

estimate weights:

û2t = α +
N∑
i=1

wiĥi,t + ϵt.

According to Rapach et al. (2010), the weights that are formed at time t are functions

of the historical forecasting performance of the individual models over the training set,

which is the in-sample period. While in the test sample, which is the out-of-sample

period, I evaluate the model performance. The weights assigned to each of the individual

forecasts ωi can be estimated using OLS to minimise the sum of squared errors. The

combined series can be written as

hc,t = α̂ +
N∑
i=1

ω̂iĥi,t,

Where α̂ and ω̂i are the OLS estimates for α and ωi respectively. The one-step ahead

17I use the R package ForecastComb of Weiss et al. (2018) to combine the forecasts.
18The squared residuals are calculated as: u2t = (rt − µ)2. Awartani and Corradi (2005) also used the squared residuals

as a proxy for volatility.
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combined forecasts, h=1:

hc,t+1 = α̂ +
N∑
i=1

ω̂iĥi,t+1.

Nowotarski et al. (2014) suggest using the Least Absolute Deviation (LAD) regression

in the presence of a correlated individual component forecasts. In table 4.5 below I

evaluate the accuracy of the combined forecasts across different techniques based on

the Mean Absolute Error (MAE), Mean Percentage Error (MPE) and Mean Absolute

Percentage Error (MAPE). The choice of using LAD yields the lowest errors, thus I will

use the LAD technique to combine the individual five forecasts.

MAE MPE MAPE
Regression based methods:
OLS 3.787 -33307.20 33330.72
CLS 3.595 -31996.66 32020.69
LAD 2.748 -13849.54 13899.11

Table 4.5: Evaluation of forecast combination techniques.

OLS is the estimations using Ordinary Least Squares regression. CLS is the estimations using Constrained Least Squares
regression. LAD is the estimations using Least Absolute Deviation regression. Evaluation is made during in the in-sample
period.

Forecast Evaluation

In this section I evaluate if the combined forecasts series described in the previous section

can provide gains in forecasting the volatility of the stock returns. That is, I evaluate

the ability of the combined forecast ĥc,t+h for the one step ahead (h =1) in predicting

the realised volatility. Although Patton and Sheppard (2009) and Sheppard (2019) show

that the choice of squared returns, r2t , is a reasonable proxy of realised volatility when

working with high frequency applications. I choose the squared residuals, û2t estimated

from a model for the conditional mean, as a proxy for realised volatility as I am working

with a model with longer horizon. I use the Diebold and Mariano (2002) test of equal

predictive accuracy to perform comparisons across two different models at a time. I

evaluate whether the forecasts from the benchmark model GJR-GARCH(1,1) without

any topical news sentiment indices as exogenous variables can be out-performed by the

combined forecasts which combines the five topics Monetary Policy, Trade, Trade Policy,

Manufacturing and Currency. The DM tests the null hypothesis of equal predictive

accuracy against composite alternatives that indicate which forecasts perform better.

126



4.4. RESULTS:

When using a proxy for realised volatility it may be affected by some noise which can

affect the conclusion driven from the measures of the forecast accuracy used.19 Several

literature looked at the use of multiple loss functions for forecasts comparison when using

a measure of volatility proxy see (Hansen and Lunde 2005). Therefore, a response to

using the squared residuals as volatility proxy is to apply several loss functions that

were highlighted in the literature to evaluate the volatility forecasts. In that case, I

apply the nine loss functions that were used in Patton and Sheppard (2009) and Patton

(2011). These loss functions are MSE, MSE-LOG, MSE-SD, MSE-prop, MAE, MAE-

LOG, MAE-SD, MAE-prop and QML loss functions for forecasts comparison. Although

the MSE and MAE are the main loss functions applied in most of financial econometrics

literature. Utilising the nine loss functions can help in coming to a conclusion on the

accuracy of the volatility forecasts.

H0 : E [δt] = 0

H1 : E [δt] ̸= 0

Where the MSE loss function differential δt is defined as

δt =
(
û2t+h − hA,t+h

)2 − (
û2t+h − hc,t+h

)2
(4.4.6)

The MSE-LOG loss function differential δt is defined as

δt =
(
log û2t+h − log hA,t+h

)2 − (
log û2t+h − log hc,t+h

)2
(4.4.7)

The MSE-SD loss function differential δt is defined as

δt =
(
ût+h −

√
hA,t+h

)2

−
(
log ût+h −

√
hc,t+h

)2

(4.4.8)

19Patton (2011) highlights that if the log stock price follows a Brownian motion then realised volatility based on intra-
daily 5-min returns (78 intra-daily observations) could be unbiased and more efficient than the squared return or residual
squared. However, using high-frequency data is not feasible in the news sentiment exercise as the news articles available
are not timely dated to show whether they were published during trading hours or after.
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The MSE-prop loss function differential δt is defined as

δt =

(
û2t+h
hA,t+h

− 1

)2

−
(
û2t+h
hc,t+h

− 1

)2

(4.4.9)

The MAE loss function differential δt is defined as

δt =
∣∣û2t+h − hA,t+h

∣∣− ∣∣û2t+h − hc,t+h
∣∣ (4.4.10)

The MAE-LOG loss function differential δ:

δt =
∣∣log û2t+h − log hA,t+h

∣∣− ∣∣log û2t+h − log hc,t+h
∣∣ (4.4.11)

The MAE-SD loss function differential δt is defined as

δt =
∣∣∣ût+h −√

hA,t+h

∣∣∣− ∣∣∣log ût+h −√
hc,t+h

∣∣∣ (4.4.12)

The MAE-prop loss function differential δ:

δt =

∣∣∣∣ ût+hhA,t+h
− 1

∣∣∣∣− ∣∣∣∣ ût+hhc,t+h
− 1

∣∣∣∣ (4.4.13)

For the QML-loss function, the loss function differential δt is defined as:

δt =

(
log hA,t+h +

u2t+h
hA,t+h

)
−
(
log hc,t+h +

u2t+h
hc,t+h

)
(4.4.14)

where hA,t+h is the forecasts for model A which is the benchmark GJR-GARCH(1,1)

model. While hc,t+h is the combined forecast illustrated in the previous section. Rejecting

the null hypothesis of the equal forecasting ability according to the DM statistic and the

p-value implies that one of the models out-performs the other.20 To understand which

model has a better forecasting ability, the sign of δ̄, which is the sample mean of the loss

differential plays an important role. Where δ̄ can be defined as

δ̄ =

∑R
r=1 δr
R

20Computations of the DM test are made through the “forecast” package on R. This package computes the Harvey et al.
(1997) test statistic, which is a bias correction to the DM statistic.
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R is the number of out-of-sample observations used to compute the Diebold and Mariano

statistic. Positive values for δ̄ indicate that the model with the combined forecasts of

the GJR-GARCH(1,1)-X model outperforms the forecasts from model A which is the

benchmark GJR-GARCH(1,1) model. Table 4.6 shows the results of the DM test for

each loss function. According to the DM statistic and the p-values and the values for δ̄ of

all the loss functions with exception of MSE and MAE, the combined forecasts of the one

step ahead (h=1) forecasts outperform the forecasts from the GJR-GARCH(1,1) model.

Loss Function

MSE:
δ̄ 0.242
DM statistic 0.678
P-value 0.809
MSE-LOG
δ̄ 5.035
DM statistic 1.993∗∗∗

P-value 0.000
MSE SD:
δ̄ 2.322
DM statistic 3.727∗∗∗

P-value 0.0003
MSE Prop:
δ̄ 75.367
DM statistic 1.690∗∗∗

P-value 0.094
MAE:
δ̄ 0.766
DM statistic −1.962∗

P-value 0.052
MAE-LOG:
δ̄ 0.319
DM statistic 2.690∗∗∗

P-value 0.008
MAE-SD:
δ̄ 0.230
DM statistic 3.148∗∗∗

P-value 0.002
MAE-Prop:
δ̄ 2.282
DM statistic 1.694∗

P-value 0.094
QML
δ̄ 0.436
DM statistic 1.813∗

P-value 0.073

Table 4.6: Diebold and Mariano forecast evaluation test.

Test of equal prediction accuracy between the forecasts of GJR-GARCH(1,1) and the combined forecasts using the topical
news sentiments. The loss functions are MSE, MSE-LOG, MSE-SD, MSE-Prop, MAE, MAE-LOG, MAE-SD, MAE-Prop
and QML (QLIKE).
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4.5 Conclusion

This paper develops an approach to decompose textual data in the U.S newspapers into

different news topics in a real time manner using the machine learning approach Latent

Dirichlet Allocation. The tonality of the news articles is then measured using the Harvard

GI dictionary to construct a time series for each topic.

I investigate the ability of news sentiment across different topics to explain the stock

returns volatility for the S&P 500 index using GARCH and GJR-GARCH models. I

consider the effects of classified news such as macroeconomic news, company specific

news, financial markets news and political and geo-political news in capturing the stock

returns volatility. The findings of this paper illustrate that the volatility of stock returns

can be explained by the sentiment of topics such as monetary policy, manufacturing,

trade, trade policy and currency market. I show that there is a negative relationship

between the news sentiments and the volatility of stock returns, confirming the findings

of previous literature.

When I perform a forecast combination exercise using regression based method, I find

that combining the out-of-sample forecasts of these five topics using regression based

methods outperforms the forecasts of a simple GJR-GARCH(1,1) model according to the

DM test.

To conclude, this paper shows that the news sentiment across different economic topics

can serve as a gauge for public information, that can drive the attention of the risk averse

investors, as they cover various areas of the economy, which Keynes referred to as “Animal

Spirits”.
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4.5. CONCLUSION
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Chapter 5

Summary and Conclusion

This thesis looked at the application of data science in the context of policy evaluation

and stock market forecasting. The thesis applied the state-of-the-art causal inference

method Synthetic Control to measure the impact of the Brexit vote and the Stamp

Duty Land Tax (SDLT) holiday on the UK economy. The application of data science

for policy evaluation was complemented with application of data science and machine

learning techniques to construct a measure of different news topics that can be used to

forecast the volatility of aggregate stock returns.

Chapters 2 and 3 look at applying the Synthetic Control method, such that I created

a counterfactual series named “Synthetic UK” that mimicked the performance of the UK

economy in the pre-treatment periods. The impact of the treatment is calculated as the

difference between the UK and its synthetic counterpart. Based on the results of chapter

2, the Brexit vote resulted in a deterioration in the UK economic activity explained by

the reduction of 3.6% in the manufacturing sector employment. The results of chapter

3 show that the SDLT holiday caused the aggregate UK housing market to increase by

2.11% and 2.96% on annual rates in the two quarters following the tax holiday. In terms of

the regional level, all the NUTS1 regions with the exception of Greater London benefited

from the SDLT holiday. Chapter 4 evaluates the ability of the tones of newspapers

topics in forecasting the volatility of stock returns. The findings are that news related

to monetary policy, manufacturing, currency exchange, trade and trade policy can be

combined to provide a pooled measure that has a forecasting power in predicting the
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CHAPTER 5. SUMMARY AND CONCLUSION

S&P 500 returns volatility.

This thesis also provides new grounds for future research. Chapter 2 sheds light on

the impact of the Brexit vote on the UK labour market in the manufacturing sector.

Future work can take net immigration into account as well. Chapter 3 investigates the

impact of the SDLT holiday on the UK housing market. Future work could potentially

look at the impact of the SDLT cuts introduced by the British Government in the Mini

Budget of 2022. Chapter 4, the unsupervised machine learning approach is complemented

with a dictionary based approach to provide news sentiment indices that can predict the

volatility of stock returns. Future work can look at news sentiment related to US sectors

and industries and evaluate their ability in predicting the volatility of returns of the S&P

14 sectors indices.
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A.1. CHAPTER 2 APPENDIX
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Figure A.1: The unaffected manufacturing divisions.

I follow Born et al. (2019) in constructing the shaded area as 2 standard deviations of the difference between the UK and
the synthetic UK in the pre-Brexit period.
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Figure A.2: Time placebo tests for the individual manufacturing divisions.

I follow Born et al. (2019) in constructing the shaded area as 2 standard deviations of the difference between the UK and
the synthetic UK in the pre-Brexit period.
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Figure A.3: MSE tests for the individual manufacturing divisions.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt −0.276∗∗∗ 0.024∗∗

(0.039) (0.010)

UK 0.010
(0.023)

dt×UK −0.341∗∗∗ −0.341∗∗∗

(0.033) (0.031)

Constant 0.004 4.608∗∗∗

(0.028) (0.007)

Observations 28 336 336
R2 0.657 0.376 0.295
Adjusted R2 0.644 0.370 0.202
Residual Std. Error 0.103 (df = 26) 0.084 (df = 332)
F Statistic 49.894∗∗∗ (df = 1; 26) 66.648∗∗∗ (df = 3; 332) 124.005∗∗∗ (df = 1; 296)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.1: Synthetic Control Estimator Regression and DiD for wearing apparel division.

Estimation of equations 2.2.3 and 2.2.4 for the wearing apparel division. Column (1) shows the estimation of the Synthetic
Control Regression Estimator. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2)
and (3) display the estimation of the DiD model of equation 2.2.4, where the dependent variable is the log employment
index is regressed on a constant, time dummy variable, UK dummy variable, the interaction of both dummy variables.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt −0.048∗∗∗ 0.034∗∗

(0.009) (0.010)

UK -0.006
(0.023)

dt×UK −0.043 −0.043
(0.034) (0.031)

Constant 0.005 4.601∗∗∗

(0.006) (0.007)

Observations 28 336 336
R2 0.657 0.376 0.295
Adjusted R2 0.644 0.370 0.202
Residual Std. Error 0.103 (df = 26) 0.084 (df = 332)
F Statistic 49.894∗∗∗ (df = 1; 26) 66.648∗∗∗ (df = 3; 332) 124.005∗∗∗ (df = 1; 296)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.2: Synthetic Control Estimator Regression and DiD for other transport equipment division.

Estimation of equations 2.2.3 and 2.2.4 for the other transport equipment division. Column (1) shows the estimation of
the Synthetic Control Regression Estimator. The standard errors reported in the parenthesis of column (1) are HAC-SE.
Columns(2) and (3) display the estimation of the DiD model of equation 2.2.4, where the dependent variable is the log
employment index is regressed on a constant, time dummy variable, UK dummy variable, the interaction of both dummy
variables.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt −0.093∗∗∗ 0.0004
(0.013) (0.003)

UK -0.010
(0.008)

dt×UK 0.021∗ 0.093∗∗∗

(0.011) (0.004)

Constant 0.005 1.525∗∗∗

(0.006) (0.002)

Observations 28 336 336
R2 0.657 0.376 0.295
Adjusted R2 0.644 0.370 0.202
Residual Std. Error 0.103 (df = 26) 0.084 (df = 332)
F Statistic 49.894∗∗∗ (df = 1; 26) 66.648∗∗∗ (df = 3; 332) 124.005∗∗∗ (df = 1; 296)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.3: Synthetic Control Estimator Regression and DiD for motor vehicles division.

Estimation of equations 2.2.3 and 2.2.4 for the motor vehicles division. Column (1) shows the estimation of the Synthetic
Control Regression Estimator. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2)
and (3) display the estimation of the DiD model of equation 2.2.4, where the dependent variable is the log employment
index is regressed on a constant, time dummy variable, UK dummy variable, the interaction of both dummy variables.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS panel
linear

(1) (2) (3)

dt 0.058∗∗∗ 0.043∗∗∗

(0.014) (0.005)

UK 0.024
(0.014)

dt×UK 0.002 0.002
(0.019) (0.017)

Constant 0.001 4.594∗∗∗

(0.010) (0.004)

Observations 28 336 336
R2 0.657 0.376 0.295
Adjusted R2 0.644 0.370 0.202
Residual Std. Error 0.103 (df = 26) 0.084 (df = 332)
F Statistic 49.894∗∗∗ (df = 1; 26) 66.648∗∗∗ (df = 3; 332) 124.005∗∗∗ (df = 1; 296)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.4: Synthetic Control Estimator Regression and DiD for chemical products division.

Estimation of equations 2.2.3 and 2.2.4 for the chemical products division. Column (1) shows the estimation of the Synthetic
Control Regression Estimator. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2)
and (3) display the estimation of the DiD model of equation 2.2.4, where the dependent variable is the log employment
index is regressed on a constant, time dummy variable, UK dummy variable, the interaction of both dummy variables.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS panel
linear

(1) (2) (3)

dt −0.050∗∗∗ 0.029∗∗∗

(0.015) (0.010)

UK 0.062∗∗

(0.025)

dt×UK −0.078∗∗ −0.078∗∗∗

(0.034) (0.024)

Constant 0.038∗∗∗ 4.622∗∗∗

(0.010) (0.007)

Observations 28 336 336
R2 0.313 0.036 0.035
Adjusted R2 0.286 0.027 −0.093
Residual Std. Error 0.039 (df = 26) 0.086 (df = 332)
F Statistic 11.829∗∗∗ (df = 1; 26) 4.077∗∗∗ (df = 3; 332) 10.603∗∗∗ (df = 1; 296)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.6: Synthetic Control Estimator Regression and DiD for Computer division.

Estimation of equations 2.2.3 and 2.2.4 for the Computer division. Column (1) shows the estimation of the Synthetic
Control Regression Estimator. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2)
and (3) display the estimation of the DiD model of equation 2.2.4, where the dependent variable is the log employment
index is regressed on a constant, time dummy variable, UK dummy variable, the interaction of both dummy variables.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS panel
linear

(1) (2) (3)

dt −0.139∗∗∗ −0.010∗∗∗

(0.025) (0.002)

UK −0.009∗

(0.005)

dt×UK 0.002 0.002
(0.007) (0.006)

Constant −0.024 1.533∗∗∗

(0.017) (0.001)

Observations 28 336 336
R2 0.553 0.094 0.0004
Adjusted R2 0.535 0.085 −0.131
Residual Std. Error 0.065 (df = 26) 0.017 (df = 332)
F Statistic 32.118∗∗∗ (df = 1; 26) 11.429∗∗∗ (df = 3; 332) 0.131 (df = 1; 296)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.7: Synthetic Control Estimator Regression and DiD for printing division.

Estimation of equations 2.2.3 and 2.2.4 for the printing division. Column (1) shows the estimation of the Synthetic Control
Regression Estimator. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3)
display the estimation of the DiD model of equation 2.2.4, where the dependent variable is the log employment index is
regressed on a constant, time dummy variable, UK dummy variable, the interaction of both dummy variables.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 0.094∗∗∗ 0.030∗∗∗

(0.016) (0.006)

UK −0.005
(0.015)

dt×UK −0.090∗∗∗ −0.090∗∗∗

(0.021) (0.019)

Constant −0.018 4.610∗∗∗

(0.011) (0.004)

Observations 28 364 364
R2 0.580 0.143 0.063
Adjusted R2 0.564 0.136 −0.053
Residual Std. Error 0.041 (df = 26) 0.053 (df = 360)
F Statistic 35.972∗∗∗ (df = 1; 26) 19.999∗∗∗ (df = 3; 360) 21.675∗∗∗ (df = 1; 323)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.8: Synthetic Control Estimator Regression and DiD for non metallic mineral products division.

Estimation of equations 2.2.3 and 2.2.4 for the non metallic mineral products division. Column (1) shows the estimation of
the Synthetic Control Regression Estimator. The standard errors reported in the parenthesis of column (1) are HAC-SE.
Columns(2) and (3) display the estimation of the DiD model of equation 2.2.4, where the dependent variable is the log
employment index is regressed on a constant, time dummy variable, UK dummy variable, the interaction of both dummy
variables.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 0.055∗∗∗ 0.030∗∗∗

(0.016) (0.006)

UK −0.039∗∗

(0.019)

dt×UK 0.096∗∗∗ 0.096∗∗∗

(0.027) (0.025)

Constant −0.006 4.598∗∗∗

(0.011) (0.004)

Observations 28 644 644
R2 0.307 0.076 0.024
Adjusted R2 0.280 0.072 −0.058
Residual Std. Error 0.043 (df = 26) 0.069 (df = 640)
F Statistic 11.494∗∗∗ (df = 1; 26) 17.518∗∗∗ (df = 3; 640) 14.553∗∗∗ (df = 1; 593)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.9: Synthetic Control Estimator Regression and DiD for furniture division.

Estimation of equations 2.2.3 and 2.2.4 for the furniture division. Column (1) shows the estimation of the Synthetic Control
Regression Estimator. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3)
display the estimation of the DiD model of equation 2.2.4, where the dependent variable is the log employment index is
regressed on a constant, time dummy variable, UK dummy variable, the interaction of both dummy variables.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt −0.183∗∗∗ 0.014∗

(0.028) (0.007)

UK −0.054∗∗∗

(0.018)

dt×UK −0.071∗∗∗ −0.071∗∗∗

(0.026) (0.022)

Constant −0.038∗ 4.619∗∗∗

(0.020) (0.005)

Observations 28 336 336
R2 0.627 0.147 0.035
Adjusted R2 0.613 0.139 −0.093
Residual Std. Error 0.073 (df = 26) 0.065 (df = 332)
F Statistic 43.786∗∗∗ (df = 1; 26) 19.075∗∗∗ (df = 3; 332) 10.582∗∗∗ (df = 1; 296)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.11: Synthetic Control Estimator Regression and DiD for electrical products division.

Estimation of equations 2.2.3 and 2.2.4 for the electrical division. Column (1) shows the estimation of the Synthetic Control
Regression Estimator. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3)
display the estimation of the DiD model of equation 2.2.4, where the dependent variable is the log employment index is
regressed on a constant, time dummy variable, UK dummy variable, the interaction of both dummy variables.
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Figure A.4: Density of property transactions for 2019.

The vertical red line indicates the cut off amount for SDLT exemption, £500,000 for England and £250,000 for Wales.
Source: HM Land Registry.

149



APPENDIX A.

2017.5 2018.5 2019.5

−
1
0

0
1
0

2
0

Wales

Year

Y
e
a
r 

o
n
 y

e
a
r 

g
ro

w
th

 r
a
te

 %

UK
synthetic UK

2017.5 2018.5 2019.5

−
1
0

0
1
0

2
0

Scotland

Year

Y
e
a
r 

o
n
 y

e
a
r 

g
ro

w
th

 r
a
te

 %

UK
synthetic UK

2017.5 2018.5 2019.5

−
1
0

0
1
0

2
0

Northern Ireland

Year

Y
e
a
r 

o
n
 y

e
a
r 

g
ro

w
th

 r
a
te

 %

UK
synthetic UK

Figure A.5: In-time placebo test: British nations.
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Figure A.6: In-time-placebo test: English regions.
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Figure A.7: Country placebo test: British regions.

Gaps in the British regions and the significant regions in the donor pool
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Figure A.8: Country placebo test: English regions.

Gaps in the English regions and the significant regions in their donor pool.
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Figure A.9: Leave one control unit out: British regions
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Figure A.10: Leave one control unit out: English regions
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Figure A.11: Ratio of the MSE of the Post-SDLT holiday period to the Pre-SDLT holiday period for
Scotland (GBR)

The p-value = 1
14

≈ 0.0714. The plot is generated Using the package SCtools.
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Figure A.12: Ratio of the MSE of the Post-SDLT holiday period to the Pre-SDLT holiday period for
Wales (GBR)

The p-value = 1
21

≈ 0.047. The plot is generated Using the package SCtools.
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Figure A.13: Ratio of the MSE of the Post-SDLT holiday period to the Pre-SDLT holiday period for
Northern Ireland (GBR)

The p-value = 5
16

≈ 0.3125. The plot is generated Using the package SCtools.
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Figure A.14: Ratio of the MSE of the Post-SDLT holiday period to the Pre-SDLT holiday period for
Yorkshire and the Humber (GBR)

The p-value = 1
20

≈ 0.05. The plot is generated Using the package SCtools.
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Figure A.15: Ratio of the MSE of the Post-SDLT holiday period to the Pre-SDLT holiday period for
North East of England (GBR)

The p-value = 1
35

≈ 0.029. The plot is generated Using the package SCtools.
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Figure A.16: Ratio of the MSE of the Post-SDLT holiday period to the Pre-SDLT holiday period for
North West of England (GBR)

The p-value = 1
27

≈ 0.037. The plot is generated Using the package SCtools.
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Figure A.17: Ratio of the MSE of the Post-SDLT holiday period to the Pre-SDLT holiday period for
East Midlands (GBR)

The p-value = 1
20

≈ 0.05. The plot is generated Using the package SCtools.
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Figure A.18: Ratio of the MSE of the Post-SDLT holiday period to the Pre-SDLT holiday period for
West Midlands (GBR)

The p-value = 1
22

≈ 0.045. The plot is generated Using the package SCtools.
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Figure A.19: Ratio of the MSE of the Post-SDLT holiday period to the Pre-SDLT holiday period for
South West of England (GBR)

The p-value = 1
24

≈ 0.042. The plot is generated Using the package SCtools.
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Figure A.20: Ratio of the MSE of the Post-SDLT holiday period to the Pre-SDLT holiday period for
South East of England (GBR)

The p-value = 4
20

≈ 0.02. The plot is generated Using the package SCtools.
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Figure A.21: Ratio of the MSE of the Post-SDLT holiday period to the Pre-SDLT holiday period for
East of England (GBR)

The p-value = 23
32

≈ 0.72. The plot is generated Using the package SCtools.
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Figure A.22: Ratio of the MSE of the Post-SDLT holiday period to the Pre-SDLT holiday period for
Greater London (GBR)

The p-value = 6
20

≈ 0.3. The plot is generated Using the package SCtools.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 3.892∗∗∗ −0.001
(1.094) (0.003)

UK −0.001
(0.010)

dt × UK 0.038∗ 0.012
(0.021) (0.016)

PI −0.002∗∗∗ 0.002∗∗∗

(0.0002) (0.0003)

CPI 0.004∗∗∗ 0.006∗∗∗

(0.0005) (0.001)

Employment −0.002∗∗∗ 0.0003
(0.0002) (0.001)

Interest Rate 0.001 −0.029∗∗∗

(0.002) (0.004)

Constant 0.385 −0.073
(0.325) (0.049)

Observations 34 1,054 1,054
R2 0.283 0.211 0.173
Adjusted R2 0.261 0.206 0.103
Residual Std. Error 1.810 (df = 32) 0.035 (df = 1046)
F Statistic 12.649∗∗∗ (df = 1; 32) 40.056∗∗∗ (df = 7; 1046) 40.560∗∗∗ (df = 5; 971)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.13: Effect of the SDLT holiday on the Wales HPI YoY.

Estimating the effect of the SDLT holiday on the Wales HPI YoY. Column (1) shows the estimation of equation 3.3.3,
where the gap between the Wales and its synthetic counterpart is regressed on a constant and a dummy variable. The
standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3) display the estimation of the
DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed on a constant, time dummy variable,
UK dummy variable, the interaction of both dummy variables and a vector of economic covariates.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 2.515∗∗ −0.001
(0.976) (0.003)

UK −0.001
(0.010)

dt× UK 0.006 0.017
(0.020) (0.016)

PI −0.002∗∗∗ 0.002∗∗∗

(0.0002) (0.0003)

CPI 0.005∗∗∗ 0.006∗∗∗

(0.0005) (0.001)

Employment −0.002∗∗∗ 0.0004
(0.0002) (0.001)

Interest Rate 0.001 −0.030∗∗∗

(0.002) (0.004)

Constant 0.228 −0.076
(0.290) (0.050)

Observations 34 1,054 1,054
R2 0.172 0.208 0.173
Adjusted R2 0.146 0.203 0.103
Residual Std. Error 1.614 (df = 32) 0.035 (df = 1046)
F Statistic 6.641∗∗ (df = 1; 32) 39.339∗∗∗ (df = 7; 1046) 40.698∗∗∗ (df = 5; 971)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.15: Effect of the SDLT holiday on the Scotland HPI YoY.

Estimating the effect of the SDLT holiday on the Scotland HPI YoY. Column (1) shows the estimation of equation 3.3.3,
where the gap between the Scotland and its synthetic counterpart is regressed on a constant and a dummy variable. The
standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3) display the estimation of the
DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed on a constant, time dummy variable,
UK dummy variable, the interaction of both dummy variables and a vector of economic covariates.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 0.762∗ −0.0001
(0.388) (0.003)

UK 0.009
(0.010)

dt× UK −0.006 0.005
(0.020) (0.016)

PI −0.002∗∗∗ 0.002∗∗∗

(0.0002) (0.0003)

CPI 0.004∗∗∗ 0.006∗∗∗

(0.0005) (0.001)

Employment −0.002∗∗∗ 0.0004
(0.0002) (0.001)

Interest Rate 0.001 −0.030∗∗∗

(0.002) (0.004)

Constant 0.099 −0.071
(0.115) (0.050)

Observations 34 1,054 1,054
R2 0.108 0.209 0.172
Adjusted R2 0.080 0.204 0.103
Residual Std. Error 0.641 (df = 32) 0.035 (df = 1046)
F Statistic 3.862∗ (df = 1; 32) 39.486∗∗∗ (df = 7; 1046) 40.452∗∗∗ (df = 5; 971)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.17: Effect of the SDLT holiday on the Northern Ireland HPI YoY.

Estimating the effect of the SDLT holiday on the Northern Ireland HPI YoY. Column (1) shows the estimation of equation
3.3.3, where the gap between the Northern Ireland and its synthetic counterpart is regressed on a constant and a dummy
variable. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3) display the
estimation of the DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed on a constant,
time dummy variable, UK dummy variable, the interaction of both dummy variables and a vector of economic covariates.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 3.312∗∗∗ −0.001
(0.938) (0.003)

UK 0.001
(0.010)

dt× UK 0.021 0.032∗∗

(0.020) (0.016)

PI −0.002∗∗∗ 0.002∗∗∗

(0.0002) (0.0003)

CPI 0.004∗∗∗ 0.006∗∗∗

(0.0005) (0.001)

Employment −0.002∗∗∗ 0.0005
(0.0002) (0.001)

Interest Rate 0.001 −0.030∗∗∗

(0.002) (0.004)

Constant 0.323 −0.072
(0.279) (0.050)

Observations 34 1,054 1,054
R2 0.280 0.209 0.176
Adjusted R2 0.258 0.204 0.106
Residual Std. Error 1.551 (df = 32) 0.035 (df = 1046)
F Statistic 12.470∗∗∗ (df = 1; 32) 39.597∗∗∗ (df = 7; 1046) 41.409∗∗∗ (df = 5; 971)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.19: Effect of the SDLT holiday on the Yorkshire and the Humber HPI YoY.

Estimating the effect of the SDLT holiday on the Yorkshire and the Humber HPI YoY. Column (1) shows the estimation
of equation 3.3.3, where the gap between the Yorkshire and the Humber and its synthetic counterpart is regressed on a
constant and a dummy variable. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2)
and (3) display the estimation of the DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed
on a constant, time dummy variable, UK dummy variable, the interaction of both dummy variables and a vector of economic
covariates.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 4.062∗∗∗ −0.001
(1.291) (0.003)

UK −0.019∗

(0.010)

dt× UK 0.025 0.035∗∗

(0.020) (0.016)

PI −0.002∗∗∗ 0.002∗∗∗

(0.0002) (0.0003)

CPI 0.005∗∗∗ 0.006∗∗∗

(0.0005) (0.001)

Employment −0.002∗∗∗ 0.0005
(0.0002) (0.001)

Interest Rate 0.001 −0.030∗∗∗

(0.002) (0.004)

Constant 0.350 −0.087∗

(0.383) (0.050)

Observations 34 1,054 1,054
R2 0.236 0.211 0.176
Adjusted R2 0.212 0.206 0.107
Residual Std. Error 2.135 (df = 32) 0.035 (df = 1046)
F Statistic 9.904∗∗∗ (df = 1; 32) 40.019∗∗∗ (df = 7; 1046) 41.618∗∗∗ (df = 5; 971)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.21: Effect of the SDLT holiday on the North East HPI YoY.

Estimating the effect of the SDLT holiday on the North East HPI YoY. Column (1) shows the estimation of equation 3.3.3,
where the gap between the North East and its synthetic counterpart is regressed on a constant and a dummy variable.
The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3) display the estimation of
the DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed on a constant, time dummy
variable, UK dummy variable, the interaction of both dummy variables and a vector of economic covariates.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 3.733∗∗∗ −0.001
(1.033) (0.003)

UK 0.006
(0.010)

dt× UK 0.020 0.031∗

(0.020) (0.016)

PI −0.002∗∗∗ 0.002∗∗∗

(0.0002) (0.0003)

CPI 0.004∗∗∗ 0.006∗∗∗

(0.0005) (0.001)

Employment −0.002∗∗∗ 0.0005
(0.0002) (0.001)

Interest Rate 0.001 −0.030∗∗∗

(0.002) (0.004)

Constant 0.349 −0.068
(0.307) (0.050)

Observations 34 1,054 1,054
R2 0.290 0.210 0.175
Adjusted R2 0.268 0.205 0.106
Residual Std. Error 1.708 (df = 32) 0.035 (df = 1046)
F Statistic 13.069∗∗∗ (df = 1; 32) 39.768∗∗∗ (df = 7; 1046) 41.319∗∗∗ (df = 5; 971)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.23: Effect of the SDLT holiday on the North West HPI YoY.

Estimating the effect of the SDLT holiday on the North West HPI YoY. Column (1) shows the estimation of equation 3.3.3,
where the gap between the North West and its synthetic counterpart is regressed on a constant and a dummy variable.
The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3) display the estimation of
the DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed on a constant, time dummy
variable, UK dummy variable, the interaction of both dummy variables and a vector of economic covariates.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 2.425∗∗∗ −0.0003
(0.723) (0.003)

UK 0.012
(0.010)

dt× UK 0.010 0.021
(0.020) (0.016)

pi −0.002∗∗∗ 0.002∗∗∗

(0.0002) (0.0003)

CPI 0.004∗∗∗ 0.006∗∗∗

(0.0005) (0.001)

Employment −0.002∗∗∗ 0.0004
(0.0002) (0.001)

Interest Rate 0.001 −0.030∗∗∗

(0.002) (0.004)

Constant 0.243 −0.066
(0.215) (0.050)

Observations 34 1,054 1,054
R2 0.260 0.210 0.174
Adjusted R2 0.237 0.205 0.104
Residual Std. Error 1.195 (df = 32) 0.035 (df = 1046)
F Statistic 11.254∗∗∗ (df = 1; 32) 39.828∗∗∗ (df = 7; 1046) 40.829∗∗∗ (df = 5; 971)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.25: Effect of the SDLT holiday on the East Midlands HPI YoY.

Estimating the effect of the SDLT holiday on the East Midlands HPI YoY. Column (1) shows the estimation of equation
3.3.3, where the gap between the East Midlands and its synthetic counterpart is regressed on a constant and a dummy
variable. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3) display the
estimation of the DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed on a constant,
time dummy variable, UK dummy variable, the interaction of both dummy variables and a vector of economic covariates.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 1.968∗∗∗ −0.0002
(0.566) (0.003)

UK 0.010
(0.010)

dt× UK 0.0001 0.011
(0.020) (0.016)

PI −0.002∗∗∗ 0.002∗∗∗

(0.0002) (0.0003)

CPI 0.004∗∗∗ 0.006∗∗∗

(0.0005) (0.001)

Employment −0.002∗∗∗ 0.0004
(0.0002) (0.001)

Interest Rate 0.001 −0.030∗∗∗

(0.002) (0.004)

Constant 0.171 −0.069
(0.168) (0.050)

Observations 34 1,054 1,054
R2 0.274 0.209 0.173
Adjusted R2 0.251 0.204 0.103
Residual Std. Error 0.937 (df = 32) 0.035 (df = 1046)
F Statistic 12.078∗∗∗ (df = 1; 32) 39.546∗∗∗ (df = 7; 1046) 40.540∗∗∗ (df = 5; 971)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.27: Effect of the SDLT holiday on the West Midlands HPI YoY.

Estimating the effect of the SDLT holiday on the West Midlands HPI YoY. Column (1) shows the estimation of equation
3.3.3, where the gap between the West Midlands and its synthetic counterpart is regressed on a constant and a dummy
variable. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3) display the
estimation of the DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed on a constant,
time dummy variable, UK dummy variable, the interaction of both dummy variables and a vector of economic covariates.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 2.430∗∗∗ −0.001
(0.702) (0.003)

UK −0.001
(0.010)

dt× UK 0.016 0.027∗

(0.020) (0.016)

PI −0.002∗∗∗ 0.002∗∗∗

(0.0002) (0.0003)

CPI 0.004∗∗∗ 0.006∗∗∗

(0.0005) (0.001)

Employment −0.002∗∗∗ 0.0004
(0.0002) (0.001)

Interest Rate 0.001 −0.030∗∗∗

(0.002) (0.004)

Constant 0.190 −0.074
(0.209) (0.050)

Observations 34 1,054 1,054
R2 0.272 0.209 0.175
Adjusted R2 0.250 0.204 0.105
Residual Std. Error 1.161 (df = 32) 0.035 (df = 1046)
F Statistic 11.974∗∗∗ (df = 1; 32) 39.462∗∗∗ (df = 7; 1046) 41.122∗∗∗ (df = 5; 971)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.29: Effect of the SDLT holiday on the South West of England HPI YoY.

Estimating the effect of the SDLT holiday on the South West of England HPI YoY. Column (1) shows the estimation of
equation 3.3.3, where the gap between the South West of England and its synthetic counterpart is regressed on a constant
and a dummy variable. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3)
display the estimation of the DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed on a
constant, time dummy variable, UK dummy variable, the interaction of both dummy variables and a vector of economic
covariates.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 0.606 −0.001
(0.532) (0.003)

UK −0.004
(0.010)

dt× UK 0.003 0.014
(0.020) (0.016)

PI −0.002∗∗∗ 0.002∗∗∗

(0.0002) (0.0003)

CPI 0.005∗∗∗ 0.006∗∗∗

(0.0005) (0.001)

Employment −0.002∗∗∗ 0.0004
(0.0002) (0.001)

Interest Rate 0.001 −0.030∗∗∗

(0.002) (0.004)

Constant −0.104 −0.079
(0.158) (0.050)

Observations 34 1,054 1,054
R2 0.039 0.208 0.173
Adjusted R2 0.009 0.203 0.103
Residual Std. Error 0.879 (df = 32) 0.035 (df = 1046)
F Statistic 1.299 (df = 1; 32) 39.357∗∗∗ (df = 7; 1046) 40.620∗∗∗ (df = 5; 971)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.31: Effect of the SDLT holiday on the East of England HPI YoY.

Estimating the effect of the SDLT holiday on the East of England HPI YoY. Column (1) shows the estimation of equation
3.3.3, where the gap between the East of England and its synthetic counterpart is regressed on a constant and a dummy
variable. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3) display the
estimation of the DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed on a constant,
time dummy variable, UK dummy variable, the interaction of both dummy variables and a vector of economic covariates.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt 0.857∗∗ −0.001
(0.358) (0.003)

UK −0.013
(0.010)

dt× UK 0.013 0.024
(0.020) (0.016)

PI −0.002∗∗∗ 0.002∗∗∗

(0.0002) (0.0003)

CPI 0.005∗∗∗ 0.006∗∗∗

(0.0005) (0.001)

Employment −0.002∗∗∗ 0.0004
(0.0002) (0.001)

Interest Rate 0.001 −0.030∗∗∗

(0.002) (0.004)

Constant 0.017 −0.085∗

(0.106) (0.050)

Observations 34 1,054 1,054
R2 0.152 0.210 0.174
Adjusted R2 0.125 0.204 0.104
Residual Std. Error 0.592 (df = 32) 0.035 (df = 1046)
F Statistic 5.735∗∗ (df = 1; 32) 39.642∗∗∗ (df = 7; 1046) 40.955∗∗∗ (df = 5; 971)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.32: Effect of the SDLT holiday on the South East of England HPI YoY.

Estimating the effect of the SDLT holiday on the South East of England HPI YoY. Column (1) shows the estimation of
equation 3.3.3, where the gap between the South East of England and its synthetic counterpart is regressed on a constant
and a dummy variable. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3)
display the estimation of the DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed on a
constant, time dummy variable, UK dummy variable, the interaction of both dummy variables and a vector of economic
covariates.
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Dependent variable:

Y1t − Ŷ N
1t Yit

OLS OLS FE

(1) (2) (3)

dt −0.096 −0.001
(0.344) (0.003)

UK −0.027∗∗∗

(0.010)

dt× UK 0.021 0.032∗∗

(0.020) (0.016)

PI −0.002∗∗∗ 0.002∗∗∗

(0.0002) (0.0003)

CPI 0.005∗∗∗ 0.006∗∗∗

(0.0005) (0.001)

Employment −0.002∗∗∗ 0.0005
(0.0002) (0.001)

Interest Rate 0.001 −0.030∗∗∗

(0.002) (0.004)

Constant −0.032 −0.094∗

(0.102) (0.049)

Observations 34 1,054 1,054
R2 0.002 0.214 0.176
Adjusted R2 −0.029 0.209 0.106
Residual Std. Error 0.568 (df = 32) 0.035 (df = 1046)
F Statistic 0.078 (df = 1; 32) 40.695∗∗∗ (df = 7; 1046) 41.379∗∗∗ (df = 5; 971)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table A.34: Effect of the SDLT holiday on Greater London HPI YoY.

Estimating the effect of the SDLT holiday on the Greater London HPI YoY. Column (1) shows the estimation of equation
3.3.3, where the gap between the Greater London and its synthetic counterpart is regressed on a constant and a dummy
variable. The standard errors reported in the parenthesis of column (1) are HAC-SE. Columns(2) and (3) display the
estimation of the DiD model of equation 3.3.5, where the dependent variable is the HPI YoY is regressed on a constant,
time dummy variable, UK dummy variable, the interaction of both dummy variables and a vector of economic covariates.
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Figure A.23: Topic modelling example.

Article from the Associated Press published on 20th of March 2014 with extreme negative sentiment.
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Figure A.24: Weekly net sentiment for six of the seventeen news topic.

The net sentiment is calculated as sn,t =
N+

n,t−N−
n,t

N+
n,t+N−

n,t+N0
n,t

. The weekly news sentiment is for the period 03/01/1990 to

28/12/2015.
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Figure A.25: Weekly net sentiment for six of the seventeen news topic.

The net sentiment is calculated as sn,t =
N+

n,t−N−
n,t

N+
n,t+N−

n,t+N0
n,t

. The weekly news sentiment is for the period 03/01/1990 to

28/12/2015.
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Figure A.26: Weekly net sentiment for six of the seventeen news topic.

The net sentiment is calculated as sn,t =
N+

n,t−N−
n,t

N+
n,t+N−

n,t+N0
n,t

. The weekly news sentiment is for the period 03/01/1990 to

28/12/2015.
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Figure A.27: News corpus net sentiment.

Loughran and McDonald (2011) Net sentiment for all the news corpus that combines 17 news topics on a weekly basis from

03/01/1990 to 28/12/2015. The net sentiment is calculated as sn,t =
N+

n,t−N−
n,t

N+
n,t+N−

n,t+N0
n,t

.
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Figure A.28: Weekly net sentiment for six of the seventeen news topic using Loughran and McDonald
(2011) dictionary.

The net sentiment is calculated as sn,t =
N+

n,t−N−
n,t

N+
n,t+N−

n,t+N0
n,t

. The weekly news sentiment is for the period 03/01/1990 to

28/12/2015.
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Figure A.29: Weekly net sentiment for six of the seventeen news topic using Loughran and McDonald
(2011) dictionary.

The net sentiment is calculated as sn,t =
N+

n,t−N−
n,t

N+
n,t+N−

n,t+N0
n,t

. The weekly news sentiment is for the period 03/01/1990 to

28/12/2015.
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Figure A.30: Weekly net sentiment for six of the seventeen news topic.

The net sentiment is calculated as sn,t =
N+

n,t−N−
n,t

N+
n,t+N−

n,t+N0
n,t

. The weekly news sentiment is for the period 03/01/1990 to

28/12/2015.
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Figure A.31: News corpus net sentiment.

Baccianella et al. (2010) Net sentiment for all the news corpus that combines 17 news topics on a weekly basis from
03/01/1990 to 28/12/2015. This dictionary give different weights to different words based on their degree of positivity and
negativity.
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GARCH
Monetary
Policy

Fiscal
Policy

Politics

Mean equation
µ 0.117 0.176 −0.291∗∗∗ 0.083

(0.300) (0.066) (0.073) (0.303)

Variance equation
α0 5.729∗∗∗ 5.536∗∗∗ 5.843∗∗∗ 6.266∗∗∗

(1.954) (1.930) (1.300) (2.129)
α1 0.632∗∗ 0.634∗∗∗ 0.338∗∗∗ 0.648∗∗

(0.259) (0.247) (0.085) (0.260)
β1 0.116 0.113 0.289∗∗∗ 0.104

(0.127) (0.141) (0.022) (0.127)
ψ −0.324∗∗ 0.600∗∗∗ −0.125∗∗∗

(0.121) (0.108) (0.066)

Table A.35: Estimation of the GARCH models during the recession period.

I use the Berndt-Hall-Hall-Hausman (BHHH) optimisation algorithm to estimate the parameters of the LLF. The
Bollerslev-Wooldridge standard errors (sandwich estimator) are reported in the parentheses. The significant levels are
∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1 respectively. The GARCH(1,1) and GARCH(1,1)-X models are estimated during the
recession period from December 2007 to June 2009. Coefficients in the colour green indicate the statistical significance of
the topical news sentiment variables in the GARCH-X equations.

GARCH
Monetary
Policy

Company Currency Construction Tourism

Mean equation
µ 0.317∗∗ 0.307∗∗ 0.356∗∗∗ 0.313∗∗ 0.217∗∗ 0.324∗∗∗

(0.101) (0.010) (0.102) (0.100) (0.107) (0.097)

Variance equation
α0 0.499∗∗ 0.507∗∗ 0.212 0.426∗∗ 3.787∗∗ 0.653∗∗

(0.223) (0.209) (0.206) (0.19) (1.385) (0.241)
α1 0.220∗∗ 0.192∗∗∗ 0.228∗∗ 0.03∗∗∗ 0.141 0.224∗∗∗

(0.07) (0.063) 0.073 (0.067) (0.089) (0.066)
β1 0.683∗∗∗ 0.714∗∗∗ 0.681∗∗∗ 0.714∗∗∗ 0.0393∗ 0.654∗∗∗

(0.09) (0.080) (0.085) (0.081) (0.219) (0.089)
ψ −0.037∗∗∗ 0.034∗∗ −0.152∗∗∗ −0.089∗∗∗ −0.054∗∗∗

(0.013) (0.017) (0.048) (0.013) (0.011)

Table A.36: Estimation of the GARCH models during the post recession period.

Estimation of the GARCH models. I use the Berndt-Hall-Hall-Hausman (BHHH) optimisation algorithm to estimate the
parameters of the LLF. The Bollerslev-Wooldridge standard errors (sandwich estimator) are reported in the parentheses.
The significant levels are ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1 respectively. The GARCH(1,1) and GARCH(1,1)-X models are
estimated during the post recession period from July 2009 to December 2015. Coefficients in the colour green indicate the
statistical significance of the topical news sentiment variables in the GARCH-X equations.
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GJR-GARCH
Monetary
Policy

Trade Currency

Mean equation
µ -0.399 -0.407 -0.393 −1.131∗∗∗

(0.339) (0.335) (0.335) (0.108)

Variance equation
α0 6.033∗∗ 5.967∗∗∗ 5.947∗∗∗ 8.096∗∗∗

(2.761) (1.666) (1.674) (2.18)
α1 0.072 0.056 0.06 -0.076

(0.225) (0.075) (0.076) (0.064)
γ 0.959∗ 0.918∗∗ 0.880∗ 0.800

(0.507) (0.444) (0.456) (0.547)
β1 0.143 0.149 0.148 0.331

(0.235) (0.141) (0.146) (0.203)
ψ −0.025∗ 1.278∗ 0.813∗∗∗

(0.770) (0.750) (0.125)

Table A.37: Estimation of the GJR-GARCH models during the recession period.

Estimation of the GJR-GARCH models. I use the Berndt-Hall-Hall-Hausman (BHHH) optimisation algorithm to estimate
the parameters of the LLF. The Bollerslev-Wooldridge standard errors (sandwich estimator) are reported in the parentheses.
The significant levels are ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1 respectively. The GJR-GARCH(1,1) and GARCH(1,1)-X models
are estimated during the recession period from December 2007 to June 2009. Coefficients in the colour green indicate the
statistical significance of the topical news sentiment variables in the GJR-GARCH-X equations.

GJR-GARCH
Monetary
Policy

Commodities Currency Tourism

Mean equation
µ 0.157∗ 0.170∗ 0.124 0.162∗ 0.18∗∗

(0.095) (0.092 (0.093) (0.094) (0.093)

Variance equation
α0 0.371∗∗ 0.410∗∗ 0.445∗∗ 0.337∗∗ 0.519∗∗

(0.158) (0.145) (0.157) (0.140) (0.179)
α1 -0.01 -0.025 -0.014 -0.021 -0.005

(0.052) (0.052) 0.048 (0.048) (0.062)
γ 0.346∗∗ 0.339∗∗∗ 0.325∗∗∗ 0.333∗∗ 0.354∗∗

(0.107) (0.103) (0.091) (0.097) (0.116)
β1 0.763∗∗∗ 0.781∗∗∗ 0.776∗∗∗ 0.787∗∗∗ 0.729∗∗∗

(0.068) (0.061) (0.063) (0.063) (0.067)
ψ −0.041∗∗∗ −0.057∗∗ −0.165∗∗∗ −0.052∗∗∗

(0.100) (0.017) (0.047) (0.010)

Table A.38: Estimation of the GJR-GARCH models during the post recession period.

Estimation of the GJR-GARCH models. I use the Berndt-Hall-Hall-Hausman (BHHH) optimisation algorithm to estimate
the parameters of the LLF. The Bollerslev-Wooldridge standard errors (sandwich estimator) are reported in the parentheses.
The significant levels are ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1 respectively. The GJR-GARCH(1,1) and GARCH(1,1)-X models
are estimated during the post recession period from July 2009 to December 2015.. Coefficients in the colour green indicate
the statistical significance of the topical news sentiment variables in the GJR-GARCH-X equations.
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Figure A.33: One step ahead forecasts for the conditional volatility for the GJR-GARCH(1,1)-X.

One step ahead forecasts for the conditional volatility,
√
ht for the GJR-GARCH(1,1)-X with the variables with significant

in-sample coefficient for ψ.
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A.3.1 GARCH Models Estimation Procedure

For the GARCH(p,q) models and the GJR-GARCH(p,q,r) with the exogenous variables

discussed above, the vector of the unknown parameters θ of the GARCH models is esti-

mated using the maximum likelihood estimation (MLE). The function of the parameters

set is called the log-Likelihood Function (LLF)

L(θ) =
T∑
t=1

−1

2

(
log(2π) + log(ht) +

(rt − µ)2

ht

)
, (A.3.1)

where T is the number of observations. A starting value for the parameters of the GARCH

model (µ, α0, α1, β) should be chosen. The usual solution to parameter initialisation is

to set parameter values in the conditional mean equation to that estimated using a “first

pass” OLS regression (Brooks et al. 2001). Bollerslev (1986) suggests the use of the

sample variance as an initialisation of the conditional variance.

ht = û2t =

∑T
t=1 u

2
t

T
.

Once the LLF is initialised, it can be maximised using numerical optimisation techniques.

As in Awartani and Corradi (2005), I use the Berndt-Hall-Hall-Hausman (BHHH) algo-

rithm for optimisation. This algorithm employs only the first derivative of the LLF with

respect to the parameter values at each iteration i and an approximation to the second

derivatives formed by the sum of outer product of the gradient (OPG) vectors. Although

the approximation may be poor when the LLF is far from its maximum value, the BHHH

algorithm can be modified by employing the Marquardt correction which adds a cor-

rection matrix to the sum of the Outer Product of the Gradient (OPG) vectors, the

correction pushes the coefficient estimates more quickly to their optimal values.

B(θ̂i) =
T∑
t=1

Gt(θ̂i)G
′
t(θ̂i)− aI, (A.3.2)

where Gt(θ̂) is the log-likelihood function for each observation, I is an identity matrix

and a is a positive number chosen by the algorithm. This optimisation algorithm was

also used by Charles and Darné (2019) when estimating the volatility for Bitcoin returns.

It is critical to know the distribution of ηt. From equation 4.3.3, ηt can be written as:
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ηt =
ut√
ht
.

In other words, ηt is equivalent to the standardised residual. I test for the normality of ηt

in a GARCH(1,1). The kurtosis is equal to 4.067 and the Jarque-Bera test for normality

has a critical value of 97.343 and a p-value of 0.000, indicating that ηt is not normally

distributed. Ignoring that ηt is not normally distributed will result in the parameter

estimates being consistent, but inefficient. According to Campbell et al. (1997), one

way to handle the problem of conditional non-normality is to use a different variance-

covariance matrix estimator that is robust to non-normality such as that of Bollerslev and

Wooldridge (1992). This estimation is known as Maximum Likelihood Estimation with

Bollerslev-Wooldridge standard errors or Quasi-Maximum Likelihood (QML) “sandwich”

estimator.1 The covariance matrix is estimated using the matrix of the second order

derivative of the LLF (the Hessian matrix, H(.)) and the matrix of the outer products

of the first order derivatives of the LLF (B(.)):

Q(θ̂) = H(θ̂QML)
−1B(θ̂QML)H(θ̂QML)

−1, (A.3.3)

where θ̂QML is the Quasi Maximum Likelihood estimator of θ and the coefficient standard

errors as the robust Bollerslev-Wooldridge standard errors.

1Another way to deal with the conditional non-normality is to use an alternative distribution assumption such as the
Student-t or Skewed Student-t distributions.
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