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1 INTRODUCTION 

This thesis aims to better understand “smart cities”, and what are the economic 

implications of them. The smart city is a concept, that has been gaining a lot of 

momentum in the scientific literature evaluating how to achieve sustainable urban 

growth and in international policymaking (Albino, Berardi & Dangelico, 2015, pp.3). 

Smart cities can be seen from a policy point of view as a framework to organize various 

factors affecting urban development, discussed in several scientific disciplines, 

economics included (Caragliu and Del Bo, 2018, pp.83). However, the concept has not 

yet found its final form, and there isn’t a clear consensus on how to exactly define smart 

cities or measure their effects (Huovila et al, 2016, pp.10). 

As a practical example of a smart city, Helsinki could be brought up. The city of Helsinki 

commits to applying and testing several “smart” solutions in its city strategy for 2017-

2021, to improve urban performance (City of Helsinki). Some of the solutions are being 

implemented via one of the city’s urban development projects, the newly built district of 

Kalasatama. The “smart city district” Kalasatama is being developed and invested on via 

policies and projects like self-driving busses, a smart electricity grid, automated garbage 

disposal and parking systems, and an innovation lab. (Forum Virium) 

The multitude of projects and policies implemented under the same headline raises 

questions. How can the real economic effects of these various projects and policies be 

empirically analysed? Are the urban economies benefitting cost-efficiently from these 

investments? To separate the treated units, it is not enough to select cities simply 

claiming to be a smart city, but we need to objectively measure urban smartness instead. 

To reveal the causal link between the phenomenon called smart cities and urban 

economic growth, we also need to measure the intensity of the so-called smart city 

policies, like the ones that are being implemented in Kalasatama. These questions and 

distinctions in the smart city terminology motivate and define the research question. The 

research question for this thesis is adopted from Caragliu and Del Bo (2018, pp.87) 1: 

“What is the economic impact of adopting smart city policies on urban growth?”. In 

order to answer the question, data on 283 European cities is collected from 2008 until 

2013. A set of instrumental variables (IV) regressions are analysed in order to estimate 

the impact of smart city policy intensity on urban GDP growth, and to test the robustness 

of the findings presented in the reference study. 

 
1 From now on also referred to as the “reference study”. 
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1.1 Structure of the thesis 

In order to construct a meaningful research, the relevant literature about the topic is 

reviewed first. The literature review is divided into two parts, Chapters 2.1 and 2.2. The 

first part presents the relevant theoretical and empirical discussion over what affects 

urban growth. After identifying the relevant drivers of urban growth, the second part 

presents the concept and framework of smart cities, and how the drivers are organized 

within the framework. Chapter 2.2 also presents the literature on the methodologies for 

measuring smart cities (or urban smartness), and the previous empirical evidence of 

their impact. Chapter 3 will discuss the empirical approach, i.e. the selected model and 

methods for performing the estimations. Chapter 4 will present the data sources and 

standardization methods. Chapter 5 will go over the descriptive evidence, empirical 

estimates, and discuss the results and how they compare to the reference study. Finally, 

Chapter 6 will conclude. 

1.2 Contribution and motivation 

The literature on smart cities is in general novel, and even more so when it comes to 

empirical economic literature about the topic. The contribution of this thesis to the smart 

city literature is to provide a test of robustness for the so far only empirical study 

estimating smart city policies’ impact on urban economic growth. This will be done by 

replicating and slightly altering the model specifications and identification strategy in 

the reference study, and by expanding the data input of certain key indicators. The data 

input will be expanded based on the recommendations in the reference study by Caragliu 

and Del Bo (2018), and previous smart-city literature. 

When it comes to why such a topic should be studied, the motivation originates from the 

changes due to trends like rural exodus and digitalization. According to Grand View 

Research (2019), the size of the smart city market was USD 71.3 billion in 2018, and it 

will increase to USD 237.6 billion by 2025. The smart city market has been dominated 

by a few technological giants like IBM and Cisco, offering ICT solutions for urban 

problems. Their influence on local public policy is constantly increasing. For local 

governments to able to implement welfare increasing smart city policies, a stronger 

scientific consensus around the concept is needed. Furthermore, there is a need for more 

empirical evidence on the economic impacts of smart cities and smart city policies, which 

can be used to guide the policymaking of municipal governments. 
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2 LITERATURE REVIEW 

This first part of the literature review will present the main economic mechanisms that 

generate urban growth. Urban growth refers to the population increase in urban areas 

over time, whereas urban economic growth refers to e.g. urban GDP growth. The 

discussion of the urban growth literature will revolve around the economic arguments 

presented by Duranton and Puga (2014). This discussion is complemented by empirical 

economic evidence presented by various authors. The purpose of this chapter is to 

identify the main drivers of urban growth, as well as shed light on the complexity of the 

causal relationships affecting economic growth in cities. 

The second part of the literature review will discuss the concept of smart cities by firstly 

defining it, discussing the methodology for measuring urban smartness, and presenting 

the existing empirical evidence of the connection between smart cities and urban 

economic growth. 

2.1 Economic growth in cities: Theory & evidence 

It is a commonly known trend, that people are moving from the countryside to cities all 

around the world. This trend is often referred to as rural exodus. One of the many who 

have made this observation, are Duranton and Puga (2014, pp.1), who study what makes 

cities grow and why some cities grow faster than others. The theoretical discussion by 

Duranton and Puga (2014) revolves around urban population growth and its ties to 

economic growth. Answering why cities grow is important for three reasons. Firstly, 

population growth shapes the economy of cities via many channels, for example, the 

increase in demand for housing. Population growth also creates demand for investments 

for the municipal government in activities that can support the population growth, 

transportation infrastructure for example. To make beneficial investments, the driving 

forces of economic growth should be known. Secondly, identifying the driving forces of 

urban economic growth like location, amenities, wages, or productivity, are meaningful 

for future research as well as present decision making. A third reason to study the growth 

of cities according to Duranton and Puga (2014) is, that it offers a platform to more 

widely understand economic growth itself. The following subchapters will present the 

four key drivers of urban population growth, as seen by urban economics.  

Before getting into the discussion by Duranton and Puga (2014), the theoretical 

framework that underlines the discussion needs to be presented. The study of cities as 

economic units and their impact on economic growth within a country boils down to 
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differences across geographical locations. In the developed economies, there are 

differences between locations in consumption patterns, labour productivity, income 

levels, and so on. These differences are captured in the framework called the spatial 

equilibrium. The spatial equilibrium accounts for the trade-offs for example between 

increased wages, and the countering effect in lower levels of amenities (e.g. parks). D’Acci 

(2013, pp.2) argues that if we assume spatial equilibrium, high income levels in a city will 

be offset for example by either high housing prices or migration. The different trade-off 

mechanisms are the results of the concentration of people and the negative externalities 

it creates. In other words: “if any region offered a better bundle of consumption and 

amenities than the rest, then agents would move into the better region until any arbitrage 

opportunities were gone” (Gollin, Kirchberger & Lagakos, 2017, pp.1). The concept of 

spatial equilibrium has become the key framework for (urban) economists to understand 

and analyse cities as drivers of economic growth (Gollin, Kirchberger & Lagakos, 2017). 

Duranton and Puga (2014) present their arguments in the spatial equilibrium setup that 

considers a linear monocentric city. This refers to a city that has one Central Business 

District (CBD), and where consumption takes place at the CBD, housing prices increase 

closer to the CBD and commuting prices linearly decrease the further away from the CBD 

you are. 

2.1.1 Transportation and housing supply 

The first driver or urban growth according to Duranton and Puga (2014) is land usage 

and transportation. The theoretical argument is that improvements in transportation, 

referring to decreasing transportation costs, increase the population growth of cities. The 

mechanism at work is the following. Firstly, the level of overall utility in the spatial 

equilibrium must remain the same. The increase in utility from lower transportation 

costs does not apply to everyone living inside the CBD, as a proportion of people do not 

need to commute to work due to the proximity of the workplaces. Thus, an increase in 

population within the CBD, together with opportunities for increasing rents, will be 

necessary to fulfill the equilibrium condition. Outside of the CBD, the lower 

transportation costs affect everyone and attract more people, which in turn will drive the 

housing prices up, making the equilibrium holds outside as well. As a result, the city 

grows more populous and denser. When it comes to the empirical estimating this effect, 

regressing the city population on the change in transportation costs would give results 

that are in line with the theory according to Duranton and Puga (2014, pp.7).  However, 

the OLS setup is subject to both omitted variable bias (due to problems of identifying all 

the factors affecting growth) and reverse causality (due to the mechanisms presented 
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above). When it comes to studying the influence of transportation on population growth, 

these issues should be accounted for by an instrumental variables (IV) approach. The 

empirical analysis using an IV regression has shown to improve the explanatory power 

of the estimates. IV estimates have also shown to increase the significance of 

transportation when it comes to the growth in the city population, compared to the OLS-

approach. (Duranton & Puga, 2014) 

Empirical evidence is provided by Duranton and Turner (2012, pp.1407), who estimate 

the impact of main roads and public transport on urban growth in major US cities 

between 1980 and 2000. By regressing population growth on the characteristics of the 

transport network in 1980, and by using the maps and plans of earlier transportation 

networks as instruments for those characteristics, they accounted for the possible biases 

mentioned earlier. The results of the IV-analysis show that a 10% increase in the stock of 

roads in a city caused the population and employment to grow by 2% over the 20 years. 

Another finding is that a 10% increase in the number of busses in a city causes a 0.8% 

increase in population over the same time period. 

The impact of transport investment on economic growth on the urban level was studied 

by Banister and Berechman (2001). Based on an extensive literature review on the effects 

of transportation projects on national, regional, and local levels, the authors construct a 

sample of empirical studies on the subject. The empirical literature evaluated several 

projects based on cost-benefit analyses, accessibility analysis, and econometric evidence 

on changes in employment, factor productivity, environmental quality, or social impact. 

Based on the review, Banister and Berechman (2001) underline three necessary 

conditions, that allow investing into transportation becoming a driver of economic 

growth: the presence of positive externalities (i.e. agglomeration of human capital and 

knowledge spillovers), right conditions for investing (i.e. timing, scale, and the 

availability of funding), and favourable political conditions, minimizing the possibilities 

of counter-effective policies. All these three need to be present for transportation 

investment to create economic growth. However, the collected empirical evidence does 

not show strong causality even under the right conditions. The results show that 

significant economic growth can be achieved more effectively via a significant increase 

in the accessibility of skilled labour, which is rarely still achievable in already developed 

urban areas. (Banister & Berechman, 2001) 

Another key driver of population growth in cities, according to Duranton and Puga (2014, 

pp.13), is the housing supply (or land usage). The theoretical argument is that in cities 
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that have comparatively strong regulations on land usage, meaning that the supply of 

land is inelastic, the growth in population is possible only via an increase in population 

density. Under the inelastic housing supply, the increase in density would drive up house 

prices. In the spatial equilibrium, for the utility level to satisfy the equilibrium condition, 

wages would have to increase. In the opposite case, where land regulation is 

comparatively relaxed, it allows the city to expand more freely, and house prices can 

adjust with less restrictions, which is argued to have a positive impact on population 

growth. 

Glaeser, Gyourko, and Saks (2005) estimated the effect of housing supply on urban 

growth using data on decadal changes in population, wages, and housing prices in the 

US major metropolitan areas (with over 100 000 inhabitants) between 1970 and 2000. 

In order to control for the elasticity of land usage, the authors construct a measure for 

land use regulation based on two nationwide surveys, covering the main US cities. They 

regress the changes in population, wages and housing prices on a set of economic growth 

-inducing variables (e.g. employment share of industries, labour demand, and education 

level). By distinguishing between cities where the land usage regulation is heavy, and 

those where it is not, Glaeser, Gyourko, and Saks (2005) show that high labour demand 

is associated with high population and income growth in the low-regulation areas and 

that the effect is significantly lower in high-regulation areas. The education level has very 

little impact on population growth and housing prices on low-regulation areas, but a 

significant effect on housing prices in the high-regulation areas. The authors also argue 

that the physicality of a city (referring to the fact that people can move out while buildings 

cannot), is an important and often overlooked factor in evaluating public policy on 

housing. Glaeser, Gyourko, and Saks (2005, pp.21) conclude, that the causal link 

between housing supply and urban growth is still a complex one, especially when looking 

at the declining urban areas, where the same houses that used to host high-income 

families are now unable to extract high rents from lower-income families. 

2.1.2 Urban amenities 

The second driver of urban growth according to Duranton and Puga (2014, pp.16) is 

urban amenities. Urban amenities are the characteristics of an urban environment that 

people value and consider them to increase their quality of life. They are characteristics 

that make the city more “liveable”, for example, parks, street trees, or low noise and 

pollution levels. The theoretical argument is that more attractive cities attract more 

people. However, the exact direction of the causality needs further inspection. Duranton 
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and Puga (2014, pp.17) argue, that firstly, there are mechanisms that depend on the 

demographic structure. Younger people consider lively and active city center areas to 

increase their quality of life. Older generations, on the other hand, might consider a noisy 

and crowded center to be a nuisance and think that mild winters are the main contributor 

to the attractiveness of the city. Secondly, as aggregate economic growth tends to 

increase wage levels, it also increases the demand for amenities (as amenities increase 

utility which people are willing to pay for), leading to people migrating to high-amenity 

cities. The conclusion of the theoretical discussion by Duranton and Puga (2013) is, that 

the level of amenities is not informative enough to be said to increase economic growth 

by itself as an aggregate indicator, as the causal relationships between individual 

amenities and economic growth are complex. Some individual amenities are endogenous 

and some exogenous components of growth and they need to be analysed further 

individually. 

Amenities being separated into individual components have been shown to have positive 

impacts on economic growth by Glaeser, Kolko, and Saiz (2001). They argue, that four 

critical urban amenities can generate urban growth: the presence of a large variety in 

products and services, aesthetic physical outlook (architecture), high-quality public 

services (which are also shown to decrease crime), and speed, referring to the 

accessibility of jobs and consumer goods, as well as low transportation costs. The authors 

regress population growth in the US cities between 1977 and 1995, French cities between 

1975 and 1990, and English cities between 1981 and 1997, on a set of indicators 

measuring the level of different amenities mentioned above. The evidence shows that 

high amenity cities have grown faster than low amenity cities (Glaeser, Kolko & Saiz, 

2001, pp.35). Also, by comparing the commuting patterns (referring to differences in the 

share of commuting from and to cities) in US metropolitan areas between 1960 and 1990, 

Glaeser, Kolko, and Saiz (2001, pp.34) show a trend of people moving into cities from 

the suburbs even though their job stays outside of the city. The authors argue, that in the 

spatial equilibrium, the increase in the population of high amenity cities and the increase 

in wages as a consequence, are ultimately offset by reductions in the attractiveness of the 

city due to increased population density. The increase in density leads to less space for 

parks, more pollution, and more noise. However, the empirical estimates indicate that 

with correct policies, which can increase the attractiveness of the city while minimizing 

the negative externalities, the quality of life within these regions can grow simultaneously 

with the wage level. (Glaeser, Kolko & Saiz, 2001) 
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2.1.3 Agglomeration economies 

According to Duranton and Puga (2013, pp.21), in order to answer why some cities grow 

faster than others and why there is not just one mega-city per country but multiple bigger 

ones that grow faster than others, we need to introduce the third key driver of growth, 

agglomeration economies. Agglomeration economies, as defined by Glaeser (2010, pp.1): 

“are the benefits that come when firms and people locate near one another together in 

cities and industrial clusters”. The clustering of economic agents is argued not only to 

increase productivity but to be one of the reasons why cities exist in the first place. In the 

spatial equilibrium, the positive effects of agglomeration economies (i.e. increase in 

wages and productivity) are offset by the counter-effect of increased urban costs (i.e. 

commuting and housing). As we introduce agglomeration, we need to consider the 

different sectors of the economy as well. The positive effects of agglomeration are limited 

by the sector or industry, which changes the dynamics of commuting costs from the 

linear setup. Including several sectors within a city would increase the commuting costs 

without the benefits that would arise from full specialization. Duranton and Puga (2013) 

argue, that as the size of the city initially increases, the positive agglomeration effect is 

dominating the negative at first. However, this relationship inverts after a tipping point, 

which explains why there exists an equilibrium where multiple cities grow, and some do 

not (Duranton & Puga, 2013, pp.22). 

Glaeser (2010) studies the positive relationship between population density and urban 

economic output and housing prices. He demonstrates a statistically robust correlation 

between the urban population density and the per capita gross metropolitan product 

(GMP). Even though the connection exists, the exact causal links are harder to reveal 

based on the literature review he performs (Glaeser, 2010, pp.3). One attempt at this is 

by Moretti (2010), who introduces the concept of “local multipliers” to illustrate the 

effect of agglomeration economies. He uses data from the US Census of Population from 

1980, 1990 and 2000, and regresses the decadal change in the number of jobs in a city 

in the non-tradable sector, on the changes in the tradable sector. He also performs the 

same estimation for changes in jobs in a randomly selected tradable industry, regressing 

them on the rest of the tradable sector. He then runs the same regressions using a 

weighted average of national employment growth within the manufacturing industry as 

an instrument for changes in tradable sector jobs, in order to account for the exogenous 

changes in demand for labour in manufacturing. In other words, by instrumenting, the 

effects of national shocks on employment by the differences in local employment growth 

between industries are excluded. The IV-estimates are shown to increase the explanatory 
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power of the empirical evidence compared to the basic OLS setup. The empirical 

evidence shows that regions can be assigned a multiplier, which shows how many new 

jobs get attracted to that area in the long run as a result of one additional job now. The 

evidence shows, that “for each additional job in manufacturing in a given city, 1.6 jobs 

are created in the nontradable sector in the same city” and that “adding one additional 

skilled job in the tradable sector generates 2.5 jobs in local goods and services” (Moretti, 

2010, pp.1). The effects are found to be different across cities and industries and larger 

when the level of technological advancement is higher, and when the jobs are 

concentrated at an industry that requires a higher skill level. (Moretti, 2010) 

Human capital and entrepreneurship are key driving forces of aggregate economic 

growth, as stated in (Lucas, 1988), mentioned in (Durantion & Puga, 2013). In order to 

study the relationship between urban population growth and aggregate economic 

growth, evidence needs to be gathered both from a static setup, where agglomeration 

economics take place in production, and a dynamic setup, where agglomeration 

economics take place in accumulation of human capital and entrepreneurship, affecting 

growth directly. (Durantion & Puga, 2013, pp.33) When it comes to the dynamic setup, 

where human capital and entrepreneurs (or innovation) move between cities, the 

theoretical argument is that the positive effect of the agglomeration of different experts 

and skills (i.e. knowledge spillovers) is ultimately offset in the spatial equilibrium by the 

relative productivity losses and increased urban costs due to a lack of specializing 

(Durantion & Puga, 2013, pp.39). 

Glaeser and Saiz (2003, pp.2) state, that there exists consistent empirical evidence of the 

positive effect of human capital on urban growth in the US and UK. To reveal the exact 

mechanisms considering economic growth and productivity, further evaluation is 

needed. The authors gather data on US metropolitan statistical areas (MSAs) with a 

population of more than 30 000, between 1970 and 2000. By regressing city population 

growth on education level and a wide set of controls, and by performing several 

robustness checks, they evaluate the impact of human capital in the dynamic setup. 

Glaeser and Saiz (2003, pp.42) argue, based on their empirical findings, that in the urban 

context, human capital has a clear advantage over amenity levels in predicting growth in 

productivity. Furthermore, increases in human capital in cities seem to have a positive 

impact on wages, which is not completely offset by the increases in prices. According to 

Glaeser and Saiz (2003), this serves as evidence of another balancing force being present, 
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namely decreases in the level of amenities resulting from an increase in population 

density. 

2.1.4 Technology and shocks 

The fourth driver of urban growth is the random shock resulting from a swift 

advancement in technology. In order to account for random shocks affecting the 

economy, a random urban growth model is needed. Random urban growth models 

provide a different insight into the economic growth of cities compared to the evidence 

provided by the “classical” models discussed before. In classical evidence, the city 

characteristics play a key role, as opposed to the role of economic shocks. The shocks, 

which refer to increases in productivity due to technological progress as in the standard 

Cobb-Douglas setup, are the source of economic growth when it comes to cities as well. 

(Duranton & Puga, 2013)  

When analysing the steady-state of the random urban growth model, an important 

assumption is the presence of Zipf’s law. Zipf’s law in the urban context means, that “the 

expected size of the second largest city is half the size of that of the largest, that of the 

third largest is a third of that of the largest, etc.” (Duranton & Puga, 2013, pp.45). The 

relevant mathematical background of the law, when it comes to urban growth, is 

introduced in Gabaix (1999a). The empirical evidence of the law being present is shown 

by regressing the logarithm of the rank of the cities (in size) on the logarithm of their 

population. Data on the 135 largest US cities in 1991 estimate the slope of the regression 

line to be -1, with an R squared of 0.986 (Gabaix, 1999a, pp.740). With this evidence, the 

assumption of the presence of Zipf’s law seems reasonable. 

Empirical evidence on drivers of urban growth, under the assumption that the Zipf’s law 

holds, is provided by Glaeser, Scheinkman and Schleifer (1995). The authors collected a 

sample of 203 large US cities from 1950 to 1970 on several urban characteristics2. The 

authors select the logarithm of the population as the dependent variable measuring 

cities' growth, and form a set of regression models, with carefully explaining the 

reasoning behind using the available data as proxies for the drivers of growth. The 

evidence shows that the initial education level seems to be the main driver of cities’ 

growth. Initial unemployment and manufacturing intensity prove to be significant as 

 
2 Population of cities and larger regions, regions (geographical dummy), per capita income, manufacturing share of 
employment, unemployment rate, median years of schooling, 16+/16-12/12- intervals of years of schooling and their 
share of the population, racial indicators, income, government expenditure, change of size as a proportion of initial 
population. 



  

 

11 

well, unlike the identified proxies for social and political measures. Based on closer 

inspection of the sensitivity of the estimates, Glaeser, Scheinkman and Schleifer (1995) 

conclude, that education creates growth in cities not via accumulation of savings, but the 

growth of technology. “The robust relationship between schooling and growth for SMSAs 

[large cities], city employment, and city income growth provide more evidence 

supporting the positive role of education in economic expansion.” (Glaeser, Scheinkman 

& Schleifer, 1995, pp.18). 

Gabaix (1999b) argues, based on the literature review on empirical evidence gathered 

from random urban growth models, that when Zipf’s law assumedly holds, the cities 

within a nation can reach a steady state in two different cases. In the first case, there are 

constant returns to scale, and the relative growth between cities remains the same. The 

source of growth in economic activity (e.g. in the number of jobs), is due to the initial 

amount of economic activity. In other words, the only reason why big cities get bigger is 

because they were bigger before. The second case, characterized as a more optimistic 

one, is that the cities in the upper tail of the distribution (based on size) do not see the 

positive externalities die out, but experience productivity growth due to knowledge 

spillovers and relative increases in amenities via e.g. technological progress. (Gabaix, 

1999b) 

2.1.5 Governance 

According to Duranton and Puga (2013), empirical research and evidence identifying 

urban drivers of growth are far from conclusive. For example, one of the less-studied 

drivers of growth is the quality of governance. Duranton and Puga (2013, pp.57) argues, 

that the largest gap in the literature is regarding the role of local and national governance 

and the quality and effectivity of the decision-making within public institutions, e.g. 

municipal governments and local communities. 

An empirical contribution to the urban growth literature and a new look at the 

relationship between city size and economic growth was provided by Frick and 

Rodrigues-Pose (2017). The contribution was to include new drivers of growth to the 

evaluation, namely indicators for the quality of governance. The evaluation was based on 

a simple Solow growth model on a national level, regressing the change in the national 

per capita GDP on city size, the initial level of GDP, a set of control variables3 and fixed 

 
3 Years of schooling, private investment, openness (referring to accessibility by different means of transport), land area, 
country size, and dummies for the continents, oil dependence, and former Soviet Union states. 
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effects. Data was gathered between 1980 and 2010, from 113 countries. In order to 

analyse the effects of governance, the dataset was extended by the World Governance 

Indicators -dataset, capturing the impact of the effectiveness of governance from 1996 to 

2010. Introducing the governance-dummy (taking value 1 if the country exceeded a 

certain threshold of quality) did not significantly change the initial estimates before the 

expansion of data. However, the estimates indicated that high-quality governance has a 

significant positive effect on economic growth in the larger (population between 3 to 7 

million) cities (Frick & Rodrigues-Pose, 2017, pp.19). Based on the evidence, the authors 

concluded that the level of governance effectiveness allows larger cities to take better 

advantage of the possibilities provided by the agglomeration effects, which have been 

identified as important drivers of urban growth. 

The introduction of the effects of quality of governance also changes the nature of the 

discussion regarding the drivers of economic growth. The objective of governance, as we 

often see, might not be to directly increase economic activity but rather achieve more 

equal income distribution or inclusive growth. Inclusive growth, as defined by OECD 

(2014, pp.84) means “economic growth that creates opportunity for all segments of the 

population and distributes the dividends of increased prosperity, both in monetary and 

non-monetary terms, fairly across society.” As the nature of the economic policy debate 

moves from “plain” growth to inclusive growth or sustainable growth, the objectives of 

policies are altered as well. As portrayed by the OECD (2015), the vast network of 

relationships that need to be considered in order to accomplish inclusive growth should 

be accounted for by the local and national governments. This more speculative or “soft” 

discussion over policy is acknowledged as a possible cause of problems when identifying 

the exact causal mechanisms discussed within the novel topic of smart cities. 

2.2 Economic growth and smart cities 

The following subchapter will present the existing literature on smart cities. Given the 

novelty of the concept, the first part will discuss the theoretical literature still working 

towards a commonly agreed definition of smart cities, and what are the economic aspects 

of the concept. The second part presents the empirical economic evidence regarding the 

effects of smart cities. 

2.2.1 Definition and theory of smart cities 

Albino, Berardi, and Dangelico (2015) conducted a broad literature review on relevant 

research and documentation by international institutions regarding smart cities, as the 
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increased popularity of the subject called for a consensus around the definition of the 

concept. Albino, Berardi, and Dangelico (2015, pp.6) identify several definitions for a 

smart city, for example, the two presented below: 

“A city is smart when investments in human and social capital and traditional 

(transport) and modern (ICT) communication infrastructure fuel sustainable 

economic growth and a high quality of life, with a wise management of natural 

resources, through participatory governance.” (Caragliu, Del Bo & Nijkamp, 2011, 

pp.6). 

“The application of information and communications technology (ICT) with their 

effects on human capital/education, social and relational capital, and 

environmental issues is often indicated by the notion of smart city.” (Lombardi 

et al., 2011, pp.137). 

Albino, Berardi, and Dangelico (2015) conclude, that the definition of a smart city can 

materialize in different cities in various ways, depending on the specific goals of the city 

or its municipal government. In other words, these definitions are not specific enough to 

make clear distinctions between cities that are smart or those that are not. 

Komninos and Mora (2018) took on the task of analyzing the “big picture” of smart cities 

by bibliometric analysis. The analysis was conducted on the literature on smart cities 

from 1992 until 2012. The concept of smart cities has been around since the 1980s, but 

only recently there has been a noticeable increase in interest in the subject. What the 

authors refer to as the “current explosion of publications”, is the exponential increase in 

the literature from several sciences regarding smart cities since 2009 (Komninos & 

Mora, 2018, pp.3). Based on the analysis, two of the most central characteristics of a city 

that is “smart” are that it is considered to be sustainable and promotes sustainability in 

its actions and that it makes use of the latest technology in doing so, for example, ICTs. 

These two characteristics serve as the two higher-level dimensions that are often present 

in the more detailed characterizations of smart cities. Based on these two dimensions, 

two visions of smart cities have formed. There is a more technologically driven concept, 

mainly promoted by big technology corporations. These corporations have their own 

R&D activities and researchers, whose initiatives and products are lobbied and sold to 

the city governments. This “monetizing” way of pushing the concept of smart cities 

forward has been under a lot of criticism. (Komninos & Mora, 2018) The criticism will 

be addressed later. The other vision, which could be characterized as the European 
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version, “considers issues beyond technology and moves towards a more holistic 

interpretation of smart cities, highlighting that their development depends on a balance 

among human, social, cultural, environmental, economic and technological factors” 

(Komninos & Mora, 2018, pp.12). Another choice to be made when designing and 

planning smart cities, based on the bibliometric analysis, is between top-down and 

bottom-up planning. According to Komninos and Mora (2018, pp.12), top-down smart 

cities are developed in a centralized and corporative way, where urban strategies are 

formed with a limited engagement of the citizens. The bottom-up planning relies on the 

more inclusive strategic framework and grass-root initiatives. The third difference in 

defining smart cities has to do with defining the “smartness” of a city. There is collective 

intelligence, referring to the collaborative efforts to collect and share information, learn, 

and solve problems, made possible by the technological advancements. Then there is 

data-driven intelligence, where the smartness arises from smart devices, sensors, 

wireless networks and the Internet of Things. (Komninos & Mora, 2018, pp.13) 

Angelidou (2014) reviewed the differences in policy choices when it comes to the creation 

of smart cities, i.e. implementing smart city policies. She describes the process of creating 

a smart city as a set of strategic choices and goals, which depend on the cities’ spatial 

characteristics. The strategic choices range between national or local, new or existing 

cities, investing in hard or soft infrastructure (roads and water versus social and human 

capital), and strategic emphasis on either economic sector or geographical context 

(certain industry versus business districts). All these choices have their costs and 

benefits, which differ for all cities. A major takeaway from the discussion by Angelidou 

(2014) is, that even when reduced to a set of strategic choices (or smart city policies), the 

smart city remains a relatively abstract concept and that capturing the aggregate effect 

of smart city policies most likely requires individual inspection of every city. 

2.2.1.1 Economic aspects of smart cities 

The connection between human capital and economic growth was presented in the smart 

city context by Shapiro (2008). Shapiro constructed a neoclassical city growth model in 

order to measure the causal relationship between human capital and economic growth. 

Shapiro (2008, pp.15) regresses growth in employment, wages, rental prices, and house 

values on the logarithm of college graduates and a set of control variables using US data 

from 1940 until 1990, and found that: 
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“A 10 percent increase in the share of college-educated residents is associated 

with an increase in the employment growth rate of roughly .8 percent” and “A 10 

percent increase in the share of college-educated residents corresponds to a .2 

percent increase in wage growth and a .7 percent increase in the growth of rental 

prices and house values, all statistically significant” (Shapiro, 2008, pp.16).  

Continuing by performing an instrumental variable analysis, using the presence of land-

grant institutions and compulsory schooling laws as instruments for the human capital 

indicator, the same base estimates hold with the additional discovery that: 

“60 percent of the employment growth effect of college graduates is due to 

enhanced productivity growth, the rest being caused by growth in the quality of 

life. This finding contrasts with the common argument that human capital 

generates employment growth in urban areas solely through changes in 

productivity” (Shapiro, 2008, pp. 324). 

Based on the estimates, an increase in quality of life via higher education has a positive 

effect on economic growth. The sensitivity analysis by Shapiro (2008) confirms that the 

effects of human capital accumulation are persistent only among college graduates, not 

high school graduates. This empirical evidence has served as motivation for finding out 

more about the “smart city effect”, and the impact of “softer” indicators on economic 

growth within the smart city literature.  

Anand and Navio-Marco (2018) provide a discussion paper on governance and 

economics of smart cities. They list four dimensions, through which smart cities will have 

an impact on the economy. Firstly, the authors argue that smart cities can be seen as 

“indicators of neoclassical globalization” (pp. 796), meaning the increased cooperation 

of municipal governments and multinational private actors in solving local urban 

problems. This argument is supported by the statistics provided by Grand View Research 

(2018), showing that the cooperation is vastly increasing as the smart city market keeps 

growing. The second dimension has to do with the advancements in technology, and the 

smart city projects that take advantage of big data. How exactly does the big data and e.g. 

smart grids benefit the economy or the quality of life of the end-user is still not exactly 

clear, which makes the cost-benefit analysis of smart city projects difficult. Anand and 

Navio-Marco (2018) argue, that more empirical evidence is needed to make clearer 

conclusions about the economic impact of these projects and policies. Thirdly, the 

regulation of the competition in the smart city market is lacking behind. Cities that 
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implement smart city related services or apply new technologies via smart city projects, 

often buy the service or technology from the few tech-giants that dominate the smart city 

market. In order to ensure welfare increasing procurement-processes, there is a need for 

improvements in the regulation of the smart city market. The discussion over the private 

sector players in the smart city market will be expanded later. Fourthly, a successful 

innovation ecosystem can help the city to overcome many economic challenges e.g. 

unemployment, insufficient skill levels, or income inequalities. In short, smart cities can 

serve as an instrument or framework for achieving inclusive growth. (Anand & Navio-

Marco, 2018) 

Batabyal and Nijkamp (2019) developed a theoretical growth model to analyse the 

economic impact of smart cities. The motivation for doing so came from reviewing the 

existing literature on smart cities, and concluding, that the literature was mainly focused 

on empirical case studies and that there has been no work done in capturing the 

theoretical (economic) aspects of smart cities. In an attempt to fill these research gaps, 

the authors model a stylized smart city and analyse the trade-offs between creative 

capital, ICT, and urban economic growth. (Batabyal & Nijkamp, 2019, pp.7) The smart 

city growth model assumes smartness to be captured by individuals who possess skills, 

and that these city residents collectively represent the cities’ creative capital. The second 

factor capturing smartness is the usage of ICTs, for example in governance, transport, 

healthcare, and manufacturing industry. The diversity of creative capital is argued to 

have a positive impact on urban growth, representing the “smart city effect”. This 

assumption is different from the classical setup where growth is maximized by full 

specialization. Batabyal and Nijkamp (2019, pp.20) conclude based on the analysis of the 

model, that investing in ICTs and creative capital, ceteris paribus, will result in increases 

in productivity and skill levels in the smart city. Another conclusion was that the correct 

policy for a city that is behind in skills per effective creative capital unit is to increase 

savings and investing in activities that increase the city’s smartness in order to catch up 

and converge to a balanced growth path. 

2.2.1.2 Criticism of the smart city concept 

The concept of smart cities has also been subject to a lot of criticism. As a topic that has 

gained scientific interest only recently, has its literature only at an infant stage and is 

being heavily influenced by private sector actors, smart city can be considered by some 

as only a buzzword. In fact, in 2011, ‘smart cities’ was still a trademark belonging to IBM 

(Söderström et al., 2014, pp.308). The various issues regarding private sector dominance 
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in defining the smart city concept and cities’ capability to just claim the title of a smart 

city were brought up by Hollands (2008). The often-cited paper called for the real smart 

cities to stand up. The problem with smart city projects according to Hollands (2008, 

pp.306) is, that there are incentives for turning the publicly funded initiative aiming for 

social inclusion into a profit-maximizing deal for a private sector firm. 

This fear was realized, and the issue was discussed by Söderström et al. (2014). By 

conducting a media survey, a critical analysis of IBM’s smart city campaign, and a set of 

interviews from specialists from IBM and smart city experts from elsewhere, the authors 

present the possible caveats within the smart city concept. Based on the evidence, 

Söderström et al. (2014) present the case of IBM, whose market-creating strategy with 

smart cities has been the promise of utopia where all systems are interlinked. In other 

words, the company’s rhetoric was used to create the demand for smart solutions that 

achieve sustainable growth by solving urban problems. However, the problem with this 

is, that the offered ICT solutions do not completely solve the urban problems and that 

they require constant updating of the already bought algorithms. The promised utopia is 

in the end only fiction, and the concept of smart cities can be seen as a marketing trick. 

(Söderström et.al, 2014) The other problem with the concept is that the cities that create 

urban strategies to become an ‘E-city’ by implementing business-led ICT-infrastructure 

developments, or cities that create strategies to become an economically competitive 

‘entrepreneurial city’, all have a claim to the smart city title. Moreover, Hollands (2008, 

pp.313) argues, that environmental sustainability, an agenda that the self-proclaimed 

smart cities can ride on, could become just a way to attract more capital to the city and 

be used as a signal to attract companies like IBM. 

For a city to truly become worthy of the smart city title, it should focus on the people and 

human capital, instead of just implementing new technology. The city should seek a 

balance between who benefits from the ICT investments and embrace the sustainable 

growth mindset. (Hollands, 2008, pp.315) The call for real smart cities to stand up 

should be complemented with relevant empirical evidence that can verify whether the 

cities’ claims of being a smart city are true. Evidence is also needed for showing that being 

a real smart city leads to increases in the quality of life and economic growth. This call 

for evidence also serves as motivation for this thesis. 
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2.2.2 Empirical evidence on the effects of smart cities 

The following subchapters present the methods that have been used to measure urban 

smartness, and the burgeoning empirical literature and evidence on the effects of smart 

cities, smart urban characteristics, and smart city policies on economic growth. 

2.2.2.1 Dimensions of smart cities & measuring urban smartness 

According to Giffinger et al. (2007, pp.11), the main dimensions of a smart city are “smart 

economy; smart mobility; smart environment; smart people; smart living; and smart 

governance”. These six dimensions were identified to rank the European medium-sized 

cities based on their urban performance. Giffinger et al. (2007) noticed a gap in the 

research of cities' performance, namely that it mostly considers big cities. Moreover, 

there only were rankings and benchmarks designed in a way that do not fit medium-size 

cities. By reviewing the several rankings and benchmarks, as well as literature on urban 

development and growth, the dimensions were formed to measure the performance of 

cities, regardless of size. The dimensions serve as the axis along which several indicators 

of performance can be logically organized in order to give a numerical value to the 

smartness of a city. In their analysis, 70 European medium-size cities are given a 

smartness index based on 74 indicators. 48 of these indicators were based on local data 

and 26 on national data. (Giffinger et al., 2007, pp.14) These indicators were collected 

from different databases, including the Eurostat national and Urban Audit databases, 

several ESPON4 data-gathering projects, and Eurobarometer5 surveys. The data 

standardization methodology used by Giffinger et al. (2007) is presented later, as it’s 

partly adapted for this thesis. 

Another proposed methodology for computing an index for urban smartness, using the 

same data, was developed by Lazaroiu and Roscia (2012). They state, that as there is no 

international or European consensus on what indicators measure cities’ smartness, the 

measurement methods used by Giffinger et al. (2007) are prone to biases. To combat 

these issues, Lazaroiu and Roscia (2012) propose a smart city model based on fuzzy logic. 

Fuzzy logic is a mathematical technique to account for the uncertainties in the data by 

assigning different judging criteria and weights for the different indicators that build an 

index. Lazaroiu and Roscia (2012) apply the fuzzy logic method introduced by Buckley 

(1985), but the details of the methodology are not relevant to this thesis. The result of the 

 
4 European Observation Network for Territorial Development. “ESPON, is an applied research programme aimed at 
supporting the formulation of territorial development policies in Europe.” (European Commission [1]) 
5 Eurobarometer is the European Parliaments public opinion survey in the EU-member states (European Parliament) 
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study is an improved method for ranking cities based on their smartness. Compared to 

the methods used in Giffinger et al. (2007), the calculation process is significantly more 

rigorous and thus outside of the scope for this thesis. 

Lombardi et al. (2012) set out to test the robustness of the justification for the selection 

of dimensions by Giffinger et al. (2007). In the end, the same six dimensions were 

identified by Lombardi et al. (2012) based on an extensive literature review on smart 

cities. When it comes to the quantification of the smart city dimensions i.e. the selection 

of corresponding indicators, Lombardi et al. (2012) proposed a slightly expanded set of 

variables6 that strictly follows the urban growth and previous smart city literature to 

justify their selection. Referring to the chapter on urban economic growth, Lombardi et 

al. (2012) present many indicators that are identified as direct drivers of urban growth, 

or are present in the urban growth literature as possible variables that induce growth 

indirectly. In other words, drivers of urban growth are being addressed in the smart city 

framework as performance indicators. However, the rationale behind a certain growth-

inducing indicator ending up in the smart city framework is yet again context-dependent, 

meaning it is up to individual researchers for choosing the variables. 

The same six smart city dimensions are also being utilized outside of the academic 

literature in the private sector for benchmarking and evaluating smart city performance. 

The Smart City Wheel -concept, developed and popularized by Boyd Cohen in 2012, has 

become one of the leading frameworks in some circles within the urban development 

business. The framework consists of the same dimensions as mentioned before and their 

respective subdimensions7. (Cohen, 2014) A similar listing of subdimensions has been 

done in Barrinuevo et al. (2012), based on research by IESE8 Cities in Motion Strategies, 

which is an initiative designed to bring together private companies and city governments 

to find solutions to urban problems. 

 
6 To name a few out of the 60 indicators: smart economy -indicators include public expenditure on R&D and education, 
GDP per resident of the city and unemployment rate; smart people -indicators include education level and no. of 
patents; smart governance -indicators include percentage of Internet access and e-government usage; smart 
environment -indicators include pollution levels; and smart living -indicators include no. of public libraries and theatre 
attendance. 
7 Smart economy; entrepreneurship & innovation, productivity, local & green interconnectedness, smart mobility; 
mixed-modal access, priorized clean & non-motorized options, integrated ICT, smart environment;  green buildings, 
green energy, green urban planning, smart people; 21st century education, inclusive society, embrace creativity, smart 
living; healthy, safe, culturally vibrant & happy, and smart governance; enabling supply & demand side policy, 
transparency & open data, ICT & eGov. (Cohen, 2014). 
8 IESE Business School & University of Navarra 
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2.2.2.2 Economic effects of urban smartness & smart city policies 

Caragliu and Del Bo (2012) studied the causal link between urban smartness and 

economic growth. The authors set out to find an answer to what are the local returns 

from urban smartness (Caragliu & Del Bo, 2012, pp.100). They translated the question 

into a testable equation by regressing the log of PPP-adjusted GDP per capita on a 

synthetic measure of urban smartness and a set of control variables9. What is notably 

different from the previously presented measures of urban smartness is that in this study 

it was constructed from only three indicators: the mean of visitors to museums per urban 

resident, the logged length of the public transportation network, and the (logged) 

number of administrative forms available for download from official web sites. The data 

was collected from 94 EU cities in 14 countries from the Eurostat Urban Audit database 

between 1999 and 2006. The empirical evidence based on the OLS regressions shows 

that the urban smartness indicator has a large positive effect on GDP per capita in the 

less controlled regressions, but it loses its significance as the controls are added. 

Caragliu and Del Bo (2015) later extended the data input for measuring urban smartness, 

resulting in one numerical indicator (or index) per city. This specific method of 

measurement will be discussed in detail later, as it is adopted and slightly modified for 

this thesis. The motivation for Caragliu and Del Bo (2015) for reconstructing the urban 

smartness indicator was to study more closely the relationship between urban smartness 

and smart specialization. Smart specialization refers to an EU policy concept that strives 

for inclusive growth via innovation and agility in industrial dynamics (referring to the 

adoption of ICTs to achieve a competitive advantage) and specializing in those industries 

that are heavily invested in (Caragliu & Del Bo, 2015, pp. 4). The construction of the 

smart specialization policy measure is not relevant for this thesis. The assumption of the 

authors was, that the intensity of smart specialization policies in 279 European 

metropolitan regions between 1990 and 2008, would lead to the emergence of smart 

cities from 2005 to 2008, measured by the urban smartness indicator. This assumption 

was put to test by regressing the improved urban smartness indicator on the smart 

specialization indicator and a set of controls10. The OLS estimates show that smart 

specialization had a strong positive effect on urban smartness, indicating that it might 

 
9 The full empirical model: 𝑦𝑖,𝑡 = 𝛼 + 𝛽0𝐻𝑖,𝑡 + 𝛽1𝐷𝑒𝑛𝑠𝑖,𝑡 + 𝛽2𝑆𝑒𝑐𝑡𝑖,𝑡 + 𝛽3𝐴𝑚𝑒𝑛𝑖,𝑡 + 𝛽4𝐴𝑡𝑡𝑟𝑖,𝑡 + 𝛽5𝑆𝑚𝑎𝑟𝑡𝑖,𝑡 + 휀𝑖,𝑡 , “where 

subscript 𝑖 refers to cities and subscript 𝑡 to the time period. 𝐻 is the indicator of human capital, 𝐷𝑒𝑛𝑠 a measure of urban 
density, 𝑆𝑒𝑐𝑡 an index of industry mix, 𝐴𝑚𝑒𝑛 a vector of urban amenities, 𝐴𝑡𝑡𝑟 an appraisal of urban attractiveness and 
𝑆𝑚𝑎𝑟𝑡 a synthetic measure of urban smartness. Finally, 휀𝑖,𝑡 is a vector of i.i.d. disturbances.” (Caragliu & Del Bo, 2012, 
pp.101). 
10 The control variables were: “the log of per capita GDP, dummy variables that reflect the regions settlement structure, 
specifically urban and rural, with agglomeration as the omitted category, the log of R&D expenditures over GDP, the log 
of average trust and a dummy variable for regions belonging to East-European States.” (Caragliu & Del Bo, 2015, pp. 15). 
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be possible to facilitate urban smartness (i.e. smart cities), by correct policies. The 

evidence also shows that regional GDP has a significant positive impact on urban 

smartness, indicating the capability of wealthy regions to invest more into smartness-

inducing projects (Caragliu & Del Bo, 2015, pp. 16). The authors conclude, that as 

industrial specialization has led to urban smartness, cities that look to implement smart 

city policies or strategies to create economic growth should do so by designing the 

policies based on their own (specialized) economic characteristics and needs. (Caragliu 

& Del Bo, 2015) 

Caragliu and Del Bo (2016) later extended the empirical focus to the link between urban 

smartness and smart city policies. They set out to answer whether the cities already 

characterized as smart are more likely to implement smart city policies, i.e. whether 

smart cities are more likely to keep getting smarter. Smart city policies can be described 

as policies that seek to achieve economic growth and other urban developments by 

individually affecting the six smart city dimensions identified by Giffinger et al. (2007). 

Caragliu and Del Bo (2016, pp.662) design a measure for the smart city policy intensity, 

which accrues information on smart city policy implementation across public and private 

domains, consisting mostly of EU initiatives. The data was collected on 314 EU cities 

between 2008 and 2013. The exact method will be presented in Chapter 4, as it is adopted 

for the empirical exercise in this thesis. To answer their research questions, the authors 

regress the measure for smart policy intensity on the urban smartness indicator and a 

set of control variables11. The OLS estimates show, that a unit increase in the smart city 

indicator results in a 3 per cent increase in the likelihood of implementing smart city 

policies (Caragliu and Del Bo, 2016, pp.665). The results also indicate that smart city 

policies seem to be implemented more likely in wealthier, denser, and more innovative 

cities. The authors conclude that the urban smartness indicator should be treated as a 

measure of how well a city is performing by accounting for its local characteristics and 

the stage of the city’s development path, rather than a ranking among others. This also 

hints that the urban smartness indicator should not be treated as a direct driver of urban 

economic growth. (Caragliu and Del Bo, 2016) 

 
11 The full empirical model: 𝑝𝑜𝑙𝑖𝑐𝑦_𝑠𝑐𝑜𝑟𝑒𝑖 = 𝛼 + 𝛽𝑠𝑚𝑎𝑟𝑡𝑛𝑒𝑠𝑠𝑖 + 𝛾𝑍𝑖 +  휀𝑖, where 𝑝𝑜𝑙𝑖𝑐𝑦_𝑠𝑐𝑜𝑟𝑒𝑖 is the measure for smart 
city policy intensity, 𝑠𝑚𝑎𝑟𝑡𝑛𝑒𝑠𝑠𝑖  is the urban smartness indicator described before, and 𝑍𝑖 is a set or controls, namely 
GDP, population density, R&D expenditure per GDP, and quality of regional institutions (Caragliu and Del Bo, 2016, 
pp.661). 
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3 EMPIRICAL APPROACH 

The following chapter will present the empirical model, selected empirical method, 

rationale behind the selection of the method, and the requirements for providing an 

unbiased answer to the research question. The research question “What is the economic 

impact of adopting smart city policies on urban growth?” and the empirical strategy to 

answer the question are largely adopted from the reference study by Caragliu and Del Bo 

(2018, pp.87).  

3.1 Empirical model 

The following empirical model is constructed by following the example set on Caragliu 

and Del Bo (2018, p.88): 

∆𝐺𝐷𝑃𝑖 = α + 𝛽 ∗ 𝐺𝐷𝑃𝑝𝑐𝑖 + 𝛾 ∗ 𝑠𝑚𝑎𝑟𝑡_𝑝𝑜𝑙𝑖𝑐𝑖𝑒𝑠𝑖 + 𝛿 ∗ 𝑑𝑒𝑛𝑠𝑖𝑡𝑦𝑖 + 𝜑 ∗ 𝑅&𝐷𝑖 + 𝜗

∗ 𝑖𝑛𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛𝑠𝑖 + 𝜃 ∗ 𝑐𝑎𝑝𝑖 + 휀𝑖   

where the index 𝑖 refers to a city in the sample. ∆𝐺𝐷𝑃 indicates urban GDP growth 

between 2008 and 2013, 𝐺𝐷𝑃𝑝𝑐 indicates the initial level of urban GDP per capita in 

2008, 𝑠𝑚𝑎𝑟𝑡_𝑝𝑜𝑙𝑖𝑐𝑖𝑒𝑠 captures the smart city policy implementation intensity between 

2008 and 2013, 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 indicates the urban population density in 2008, 𝑅&𝐷 indicates 

the investments into research and development in 2008, 𝑖𝑛𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛𝑠 captures the 

quality of local institutions, 𝑐𝑎𝑝 is a dummy variable taking the value 1 if the city is a 

capital, and ε is the i.i.d. error term.  

When it comes to the intuition behind the selection of the variables, the following logic 

is applied: GDP growth is used as a measure of economic performance, and the initial 

level of GDP per capita is used to control for growth convergence. Smart city policy 

intensity is the variable of interest, estimated in order to answer the research question. 

Urban population density captures the agglomeration economies, identified as a driver 

of urban economic growth. R&D investment (or expenditure) is also widely accepted as 

an important contributor to economic growth (Lucas, 1988). The quality of local 

institutions (governance) is controlled for as a possible driver of urban economic growth 

based on the earlier presented evidence. The capital dummy is a control for the quite 

intuitive assumption that national economic activity tends to concentrate in the country 

capitals. The multitude of possible other determinants of growth in the urban context is 

acknowledged as a possible cause of omitted variable bias.  
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3.2 Method of estimation 

The selected method for estimating the empirical model is the instrumental variables 

(IV) regression. The selection of the method is due to a possible issue of endogeneity, 

which arises from the findings by Caragliu and Del Bo (2015). Their evidence shows that 

wealthier regions tend (and have the capability) to invest more in smart city related 

policies, meaning that faster growth might implicate an increase in smart city policy 

implementation. This evidence is problematic for the sake of uncovering an unbiased 

estimator for the impact of smart policies on urban growth. In other words, there exists 

a possibility for simultaneity in the causal link between urban economic growth and the 

intensity of smart city policy implementation. This problem is solved with the IV method. 

The instrumental variables setting is visualized in Figure 1 in the form of a directed 

acyclic graph (DAG). The validity of the IV-mechanisms shown in the DAG relies on 

several assumptions, i.e. the identification strategy, based on theoretical arguments and 

earlier empirical evidence. 

Figure 1 IV in a directed acyclic graph (DAG) 

 

Y in the DAG refers to the GDP growth, and X refers to the endogenous regressor smart 

city policy intensity, which assumedly has a direct impact on Y. We assume, that cities 

that invest in being “smarter” i.e. implement smart city policies, should experience faster 

economic growth. Investing in smart policies, that positively affect the identified drivers 

of urban growth individually, should result in higher urban growth rates. The empirical 

exercise empirically tests the assumed connection between X and Y in the DAG. 

U in the DAG refers to an unobservable impact on both X and Y, i.e. the possible 

simultaneity. The presence of U makes it impossible to acquire consistent estimates of 

X’s impact on Y via OLS. According to Stock and Watson (2011), the IV regression 

enables uncovering unbiased estimates for a variable in a regression that is correlated 

with the error term, i.e. is endogenous. In other words, correlation between the 

endogenous regressor of interest 𝑋𝑖, and the error term 𝑢𝑖, would lead to a bias in the 

OLS estimates presented below: 
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𝑌𝑖 = 𝛽0 + 𝛽1𝑋𝑖 + 𝛽2𝑊1𝑖 + ⋯ + 𝛽1+𝑟𝑊𝑟𝑖 + 𝑢𝑖,     𝑖 = 1, … , 𝑛 

where 𝑌𝑖 is the dependent variable GDP growth and 𝑊1𝑖, … , 𝑊𝑟𝑖 are the exogenous control 

variables. To isolate the part of 𝑋𝑖 that is not correlated with the error term, we introduce 

instrumental variables 𝑍1𝑖, … , 𝑍𝑚𝑖 which allow for uncovering consistent estimates for 𝛽1.   

The selected instrument (Z in the DAG) is urban smartness, measured by an indicator 

constructed from a set of variables corresponding to the earlier discussed smart city 

dimensions12. Two conditions need to be fulfilled for an instrument to be considered 

valid: the instrument relevance condition, and the instrument exogeneity condition. If 

the two conditions are met, the unbiased estimates for 𝛽1 can be uncovered via an IV 

estimator named the two-stage least squares (2SLS).  

The instrument relevance condition states that the instrument(s) should be able to 

explain enough variance in the instrumented variable to provide accurate estimators. A 

weak or non-relevant instrument, which only explains a little of the variation in the 

endogenous regressor 𝑋𝑖, would lead to biased estimates in the second stage of the 2SLS. 

Thus, it is necessary to statistically measure the strength of the instrument(s) (or the 

connection between Z and X in the DAG) by checking the first stage F-statistic of the 

instrument(s). In the first stage of the 2SLS, the endogenous explanatory variable 𝑋𝑖 is 

regressed on the instruments 𝑍1𝑖, … , 𝑍𝑚𝑖 and the other exogenous explanatory variables 

𝑊1𝑖, … , 𝑊𝑟𝑖. The first stage regression, also called the reduced form, looks like the 

following: 

𝑋𝑖 = 𝜋0 + 𝜋1𝑍1𝑖 + ⋯ + 𝜋𝑚𝑍𝑚𝑖 + 𝜋𝑚+1𝑊1𝑖 + ⋯ + 𝜋𝑚+𝑟𝑊𝑟𝑖 + 𝑣𝑖,     𝑖 = 1, … , 𝑛  

where 𝑣𝑖 is an error term. A rule of thumb according to Stock and Watson (2011), when 

checking for weak instruments in a setup with one endogenous regressor, is for the 

instrument to have a value for the first stage F-statistic larger than 10. If so, the 

instruments can be seen as containing enough information of the endogenous regressor 

to produce consistent estimates in the second stage. The instrument relevance condition 

is also shown to be met explicitly in this thesis, and the evidence is presented in Chapter 

5. 

 
12 The construction of the smart policy intensity -measure (X) and the urban smartness indicator (Z) are presented in 
Chapter 4. 
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The other requirement for a valid instrument is the exogeneity condition. The instrument 

exogeneity condition (or the exclusion restriction) dictates, that the instrument(s) need 

to be distributed independently of the error term and have no direct impact on the 

dependent variable GDP growth. According to Stock and Watson (2011), in the case of 

exact identification i.e. there is one instrument per endogenous regressor, there is no 

statistical test that can prove that the exclusion restriction holds. Instead, we assume 

based on the evidence in Caragliu and Del Bo (2012, 2015, 2016), as was described in 

Caragliu and Del Bo (2018, pp.88), that urban smartness, even in the case it is growth-

inducing in the long run, only has an indirect effect on urban economic growth in the 

short run. In other words, the connection in the DAG between Z and X exists, and there 

is no connection between Z and Y. The rationale behind this assumption lies in the lack 

of empirical evidence showing that being considered a smart city, i.e. having a relatively 

high urban smartness score, would directly lead to better urban economic performance. 

The combined or “pooled” effect of smart urban characteristics is assumed not to be a 

factor that directly leads to higher economic growth. On the other hand, the exclusion 

restriction can be shown to statistically hold in the case of overidentification, i.e. two 

instruments per one endogenous regressor. The explicit evidence of the exclusion 

restriction holding is presented in Chapter 5, as a second instrument is utilized when 

checking for the sensitivity of the empirical estimates.  

The lack of consistent evidence strengthening the argument that the exclusion restriction 

is fulfilled is acknowledged as a problematic factor in the identification strategy. The lack 

of evidence of urban smartness directly leading to urban economic growth does not 

necessarily mean that the opposite case is true. However, acquiring further evidence is 

not included in the scope of this thesis, as it was not in the reference study by Caragliu 

and Del Bo (2018) either. It is also acknowledged that the reliability of the empirical 

estimates would be significantly improved with solid evidence to back up the arguments 

behind the identification strategy. 

Assuming that the two conditions for instrument validity hold and that the possible flaws 

in the identification strategy do not cause major issues, the 2SLS estimates should be 

unbiased. From the first stage of the 2SLS, we obtain the predicted values for the 

endogenous regressor: 

�̂�𝑖 = �̂�0 + �̂�1𝑍1𝑖 + ⋯ + �̂�𝑚𝑍𝑚𝑖 + �̂�𝑚+1𝑊1𝑖 + ⋯ + �̂�𝑚+𝑘𝑊𝑘𝑖 + 𝑣𝑖,     𝑖 = 1, … , 𝑛 
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where �̂�0, �̂�1, … , �̂�𝑚+𝑘 are the OLS estimates. The second stage regresses 𝑌𝑖 on the 

predicted values of the endogenous regressor �̂�𝑖 and the (original) exogenous regressors 

𝑊1𝑖, … , 𝑊𝑟𝑖, and by doing so uncovers the consistent 2SLS estimators �̂�0
2𝑆𝐿𝑆, … , �̂�𝑟

2𝑆𝐿𝑆. 

These estimators will be subject to interpretation when answering the research question 

in this thesis. 
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4 DATA 

This chapter will present the sources of data and the required standardizing methods 

that are needed for conducting the empirical analysis. The data-gathering will result in 

three main datasets, containing information about urban characteristics (referring to the 

independent and exogenous dependent variables), smart city policy intensity (the 

endogenous regressor), and urban smartness (the instrument). The three main datasets 

are constructed based on the methods and rationale discussed by Caragliu and Del Bo 

(2015, 2016, 2018). 

The datasets will be compiled of yearly observations between 2008 and 2013 from a 

sample of 283 European cities. The sample consists of cities mainly from the EU member 

states, including also other European countries that are not in the union but actively 

participating in EU development policies and initiatives (e.g. Norway). The full list of 

sample cities is provided in Appendix 1. 

4.1 Urban characteristics 

The data on the urban characteristics13 will be gathered from the Urban Audit database, 

except for the quality of local institutions. The availability of data on GDP for city or 

metropolitan area level will determine the sample size of this research (283 cities). 

Following the example by Caragliu and Del Bo (2018, pp.93), the quality of institutions 

will be measured by the data provided by Charron et al. (2014). The study measured 

quality of governance (QOG) by accounting for corruption, rule of law and various other 

characteristics of public services. The data on the various indicators were gathered and 

the analysis conducted on the NUTS2-level14, resulting in a numerical QOG -score for the 

European regions. The regional values will be matched with the corresponding cities for 

the empirical exercise. 

4.2 Smart city policy intensity 

The measure for smart city policy intensity will be constructed following the example set 

on Caragliu and Del Bo (2016), which was later used in the IV-analysis of the reference 

study (Caragliu and Del Bo, 2018). The four main data sources to construct the indicator 

are the following: 

 
13 GDP growth, GDP per capita, urban population density, R&D investment and quality of local institutions 
14 Explanation provided later. 
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- cities successfully implementing smart city policies according to a report by the 

European Parliament (2014) 

- cities in the Eurocities network 

- cities participating in different EU smart city initiatives 

- cities that cooperate with private sector actors offering smart city related services 

and ICT-solutions 

The first two sources remain the same as in Caragliu and Del Bo (2016). The report by 

European Parliament (2014) mapped cities in the EU member states, and based on the 

parliaments working definition of a smart city15, they identified 20 of the cities that meet 

the definition, and that have especially well implemented policies addressing the Europe 

2020 strategy goals16. To capture the policy intensity, the data will be treated as a dummy 

variable, where a city identified by the European Parliament will be given a value 1, and 

value 0 otherwise.  

The second source, the Eurocities network, is a network of local or municipal 

governments from all around Europe (Eurocities). The network serves a platform for 

exchanging knowledge and addressing threats and opportunities that cities face today. 

These issues are addressed via workgroups, events, and projects. According to Caragliu 

and Del Bo, (2016, pp.663), the main Eurocities working group is addressing the 

implementation of the smart city framework. The network is partnered with several 

NGOs and EU institutions to provide support in implementing smart city policies. The 

same approach is taken when it comes to capturing the policy intensity, appointing a 

value 1 to the cities that are a part of the network, and value 0 otherwise. The 130 

Eurocities member cities are compiled from a list provided in Eurocities 2014-2015 

annual report (2015) to best fit the timeframe of the rest of the observations in the 

dataset. 

The last two sources will undergo some changes and have their data input extended 

compared to those in Caragliu and Del Bo (2016). Firstly, the measure of cities’ activity 

in EU initiatives is broadened. A compilation of different channels for European cities to 

adopt smart city policies, and a list of those who have done so, is provided by the EU 

 
15 “A Smart City is a city seeking to address public issues via ICT-based solutions on the basis of a multi-stakeholder, 
municipally based partnership” (European Parliament, 2014, pp.9) 
16 The Europe 2020 strategy “emphasises smart, sustainable and inclusive growth in order to improve Europe's 
competitiveness and productivity and underpin a sustainable social market economy” (European Commission). 
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Smart Cities Information System (SCIS). A list of the EU initiatives and a short 

description of them, based on the publication of EU SCIS (2018), is provided in Table 1. 

Table 1 EU smart city initiatives 

Initiative Description No. of cities 
(in total) / 
included in 
Caragliu & Del 
Bo (2016) 

Smart city and 
CONCERTO projects 
within the Seventh 
Framework 
Programme (FP7) 

CONCERTO (active since 2005) aims to optimize 
the building sector of whole communities rather 
than individual buildings (European Commission 
[3]). FP7 was the EU’s research and innovation 
programme for 2007-2013 (European Commission 
[4]). 

229 / Yes 

European Innovation 
Partnership on Smart 
Cities and 
Communities (EIP-
SCC) 

The European Commission backed EIP-SCC 
marketplace brings together (active since 2012) 
cities, industries, SMEs, investors, researchers, and 
other smart city actors to share knowledge and 
initiate smart city projects (European Commission 
[5]). 

299 / Yes 

EU Covenant of 
Mayors for Climate & 
Energy 

A platform for cooperation (active since 2008) 
based on a voluntary commitment by local 
governments to implement EU climate and energy 
objectives (European Commission [6]). 

7779 / No 

CIVITAS An EU funded initiative (active since 2002), 
designed to bring together a network of cities 
implementing clean and competitive transport 
projects (CIVITAS). 

63 / No 

Green Digital Charter EU funded initiative (active since 2009) to commit 
cities to promote and share ICT solutions, establish 
local partnerships in pursuing city strategies, deploy 
5 large-scale ICT projects within 5 years, and 
decrease the carbon footprint of ICT by 30% within 
10 years (Green Digital Charter). 

53 / No 

European Energy 
Award (EEA) 

The EEA (active since 2003) is a quality 
management and certification system for cities 
supporting the implementation of energy and 
climate policies (European Energy Award). 

1444 / No 

European Green 
Capital Award  

An award, including funding for promoting new 
initiatives (since 2011), by the European 
Commission to award cities’ efforts and 
commitments for improving the environment 
(European Commission [7]). 

18 / No 

Sustainable Urban 
Mobility Plans 
(SUMPs) 

The SUMP concept accounts for the whole urban 
area in the construction of sustainable transport 
networks and provides a framework for 
implementing tested and working policies. SUMP 
was initiated and has been recommended to be used 
by the European Commission since 2009 (European 
Commission [8]). 

720 / No 
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Based on the cities’ participation in these smart city initiatives, a score between 0 and 1 

is given based on activity, where 0 indicates no participation and 1 indicates the highest 

degree of participation. The extension of this dataset is due to the changes in EU 

organization structure, namely that some of the data sources listed in Caragliu and Del 

Bo (2016) are no longer available. Another factor that makes the extension possible, is 

the improvements in the sharing of data from the EU's side, namely the collection and 

listing of the smart city initiatives presented above to one single source. It should be 

noted that the list provides no clear indication of when exactly the initiatives were 

implemented or when the commitments were made. This makes it possible that due to 

the difference of a few years when constructing this measure, compared to the reference 

study, some of the cities in the sample might appear more active than in the study by 

Caragliu and Del Bo (2016). 

The fourth source of smart policy intensity is the private sector involvement. As 

discussed before, IBM can be considered as a major private sector actor in the field of 

smart cities, effective via the implementation of technological solutions for urban 

problems via public-private partnerships (PPPs). The intensity of smart city policy 

implementation via private-sector channels was addressed by Caragliu and Del Bo 

(2016) by collecting the PPPs between European cities and IBM as the only measure of 

private sector involvement. Caragliu and Del Bo (2018, pp.91) state the need for 

expanding the data input, as being involved with one company does not represent all of 

the activity in the private sector. Expanding this data input will be one of the 

contributions of this thesis. The different private sector initiatives measuring smart city 

policy intensity and their short descriptions are provided in Table 2 below. 

Table 2 Private sector smart city initiatives 

Initiative Description No. of cities 
(in the 
sample) / 
included in 
Caragliu & 
Del Bo (2016) 

IBM Smart Cities 
Challenge17 

An initiative created in 2010 to help partnered 
cities in implementing IBM solutions for urban 
challenges and sharing the experience with the 
network. 

12 / Yes 

 
17 Information previously available at https://www.smartercitieschallenge.org/cities 
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Cisco Smart+Connected 
Communities initiative18 

A network of lighthouse cities that have 
implemented several ICT solutions provided by 
Cisco until 2014. 

5 / No 

100 Resilient Cities19 A Rockefeller Foundation-funded network of 
city governments that were provided with 
financial and logistical support and access to 
solutions from all three sectors of the economy 
starting in 2013. 

14 / No 

EU platforms20:  

EU-GUGLE, 
GrowSmarter, Replicate, 
SharingCities, 
Smartencity, R2Cities, 
ZenZ, Ruggedised, 
Triangulum 

A set of smaller EU-facilitated and funded 
networks/platforms where city governments 
are brought together with academic institutions 
and private firms to find solutions to urban 
challenges. A combining factor is the usual role 
of a private firm as the provider of a 
technological solution for the city. 

36 / No 

 

The construction of the dummy variable to measure the policy intensity in private sector 

involvement will follow the same logic as with EU smart city initiatives, where 0 indicates 

no participation and 1 indicates the highest degree of participation. 

In order to measure the aggregate smart city policy intensity, a single measure is formed 

based on the four standardized variables described above. The result is a single numerical 

indicator (or score) per city, that takes a value between 0 and 4, with 4 indicating the 

highest possible intensity of smart city policy implementation. 

4.3 Urban smartness indicator 

When constructing a measure for the instrument, the urban smartness indicator, the 

methodology by Caragliu and Del Bo (2015) is adopted. The urban smartness indicator 

is constructed by assigning variables (or proxies) to measure the performance of cities 

within certain smartness dimensions, following the example by Giffinger et al. (2007). 

4.3.1 List of used variables 

The data gathered for the urban smartness indicator is modified from that of Caragliu 

and Del Bo (2015). In the study by Caragliu and Del Bo (2015), the Urban Audit database 

is complemented by data from both Eurostat databases and ESPON FOCI project-data. 

ESPON FOCI, short for European Observation Network for Territorial Development – 

 
18 Information previously available at https://newsroom.cisco.com/feature-content/smart-cities?dtid=osscdc000283 
19 More information available at https://www.rockefellerfoundation.org/our-work/initiatives/100-resilient-cities/ 
20 More information available at: http://eu-gugle.eu/project/; https://grow-smarter.eu/home/; https://replicate-
project.eu/; http://www.sharingcities.eu/; http://smartencitynetwork.eu/; http://r2cities.eu/network/my-smart-city-
district-r2cities-eugugle-and-zenn.kl; http://www.zenn-fp7.eu/; https://ruggedised.eu/home/; 
https://www.triangulum-project.eu/ 
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Future Orientation for Cities, was an EU project that ran from 2008 until 2010, and 

among the many deliverables of that project was data on several urban characteristics of 

European cities gathered in the ESPON regional database (ESPON).  

Due to the fixed term of the ESPON FOCI project, the Urban Audit database is preferred 

as the only input of data. For the sake of future research regarding urban smartness, the 

indicator is constructed from only those sources and indicators that are more likely to 

get updated in the future as well. One of the contributions of this thesis is to identify the 

Urban Audit variables that were used in Caragliu and Del Bo (2015) and replace those 

that could not be identified (possibly the ESPON FOCI variables) with variables from the 

Urban Audit database. Urban Audit, or the “Cities” -database, is provided by Eurostat to 

give broad statistical coverage within the different regions or geographic units (Eurostat 

[1]). The original and replacement indicators within the 6 selected smart dimensions that 

are used to construct the measure for urban smartness are presented in Table 3 below. 

Table 3 Urban smartness indicators 

Urban smartness 
dimension 

Indicator used in Caragliu & Del Bo 
(2015) 

Replacement indicator 

1. Human capital Proportion of population aged 25-64 
qualified at tertiary level (ISCED 5-6) 
living in Urban Audit cities - % 

- 

Students in tertiary education (ISCED 
5-6) living in Urban Audit cities - 
number of students per 1000 
inhabitants 

- 

Proportion of employment in 
financial intermediation business 
activities -% 

+ 

Proportion of employment in public 
administration, health, education- % 

- 

Number of companies with 
headquarters in the city quoted on the 
national stock market 

Companies per 1000 pop. 

2. Social capital Car thefts per 1000 pop. - 

Burglaries per 1000 pop. - 

Crimes per 1000 pop. Robberies per 1000 pop. 

Number of selected city 
representatives 

Number of theatres per 1000 
pop. 

3. Transport 
infrastructure 

Length of public transport network 
per inhabitant 

People killed in road accidents 
per 1 mil people 
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Share of restricted bus lanes from 
public transport network 

Share of journeys to work by 
public transport - % 

Number of buses (or bus equivalents) 
operating in the public transport per 
1000 pop. 

Average time of journey to work 

Number of stops of public transport 
per 1000 pop. 

Number of registered cars per 
1000 pop. 

4. ICT 
infrastructure 

Percentage of families with internet 
access at home 

- 

Number of local units producing ICT-
products 

Population of active ICT-
businesses per 1000 pop. 

Number of local units producing ICT-
related services 

Net ICT-business population 
growth - % 

Number of local units producing web 
content 

Percentage of population who 
purchased online in the last 12 
months living in cities (Country 
data) 

5. Natural 
resources 

Proportion of solid waste arising 
within the boundary processed by 
recycling 

Municipal waste generated – 
1000 tonnes per 1000 pop. 

Proportion of area in green space - 

Green space (in m2) to which the 
public has access, per capita 

Not used 

Annual average concentration of 
PM10 

- 

Annual average concentration of NO2 - 

6. E-government % of internet users who interacted via 
internet with the public authorities in 
the last 12 months (Country data) 

- 

% of internet users who sent filled 
forms to public authorities in the last 
12 months (Country data) 

- 

Number of administrative forms 
available for download from official 
website 

% of individuals submitting 
income tax declaration via 
websites of public authorities 
(Country data) 

Number of administrative forms 
which can be submitted electronically 

% of individuals using websites 
of public authorities for any e-
government activities (Country 
data) 

 

Following the example in Caragliu and Del Bo (2015), each indicator will be given a value 

corresponding to the mean between 2008 and 2012, in order to account for the gaps in 

the data. However, even by doing so, there are missing values in the dataset, which will 

need to be filled due to the aggregation method of choice (presented later) not allowing 
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for missing values. The missing values will be filled in by taking the corresponding value 

of the closest available geographical unit in the hierarchy, which according to the 

Nomenclature of Territorial Units for Statistics (NUTS) is defined as following (Eurostat 

[2]): 

- NUTS3: Small regions for specific diagnoses (N=1348, Helsinki-Uusimaa) 

- NUTS2: Basic regions for the application of regional policies (N=281, South 

Finland) 

- NUTS1: Major socio-economic regions (N=104, Mainland Finland) 

 

The total number of regions within Europe and an example-region from Finland is 

included in the parenthesis. In the case there are no observations within the NUTS 

hierarchy, a country average is used. 

4.3.2 Rationale for variable selection 

When it comes to the human capital dimension, it is important to acknowledge the 

possibility of violating the exclusion restriction, i.e. the bias arising if the instrument has 

a direct impact on the dependent variable. Reflecting on the findings by Shapiro (2008), 

human capital, even though being one of the main determinants of economic growth, 

could have some aspects of it that do not directly affect it. The direct impact of human 

capital on economic growth is assumed to be captured by the urban density 

(agglomeration) regressor, and the differences across the sample within the non-

productivity-enhancing “smartness” to be captured by the selected four indicators 

measuring urban smartness. The selected indicators for the share of current and future 

highly educated populations are meant to capture the cities' “creative capital”, discussed 

in the smart city growth modeling context by Batabyal and Nijkamp (2019). The sum of 

the proportion of employment in financial intermediation and public administration and 

education are selected due to the skill-intensity of the sectors. The number of companies 

per thousand people captures by proxy the urban hierarchy among cities when it comes 

to choosing where to establish businesses. (Caragliu & Del Bo, 2018, pp.92) 

The second dimension, social capital, is considered a cornerstone in the framework of 

smart cities when it comes to building an ideal urban atmosphere. The first three 

variables (different crime rates) measuring social capital are selected based on the 

findings by Akçomak and ter Weel (2012), mentioned in Caragliu and Del Bo (2018, 

pp.92), which show that lower crime rates indicate higher social capital. Instead of 
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elected city representatives, another measure for social capital chosen is the number of 

theatres per 1000 people, which captures the social activity of the population via the 

demand for cultural activities. 

Transport infrastructure corresponds quite exactly to the corresponding smart city 

dimensions discussed by Giffinger et.al. (2007), and the selected variables for the urban 

smartness indicator are meant to measure the quality of it. 

The ICT infrastructure variables are selected based on the rationale presented by 

Caragliu and Del Bo (2018, pp.93). Household Internet-access and online shopping 

intensity capture the demand side of ICTs, whereas the number and growth of ICT 

businesses capture the supply side. 

When it comes to the fifth dimension, the adopted title “natural resources” might be 

misleading. The variables do not measure the resources found in nature like freshwater 

or heavy metals (which are widely accepted as major determinants of economic growth), 

as that would possibly lead to a violation of the exclusion restriction. The variables 

capture the amenity generated by urban green spaces and the disamenity from pollution 

(NO2 and PM10) and waste generation. 

Finally, the e-government variables capture the urban smartness -increasing (and 

possibly quality of life -increasing) e-services provided by the national governmental 

institutions. The selection of national institutions is due to a lack of data measuring the 

intensity of local e-services. (Caragliu & Del Bo, 2018, pp.94) The effect of these services 

is assumed to be separate from the assumedly direct growth-inducing effects of the 

quality of governance, used as a control variable in the empirical model. 

As a final note, even if some of the discussed or unmentioned issues regarding the 

exclusion restriction are present, their effect should be minimized by the aggregation 

method for constructing a single measure (or index) for urban smartness. Given the 

novelty of the smart city literature and the limitations when explaining the selection-

rationale in the reference study, the presented arguments should be taken with a grain 

of salt due to their high degree of induction without evidence. Moreover, the discussion 

could be taken to great lengths over the rationale behind the selection of the proxy-

variables, but that is left outside of the scope of this thesis. 
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4.3.3 Compression of included variables 

In order to capture the performance of the European cities along the six dimensions, a 

principal component analysis (PCA) is conducted. PCA is a method for reducing the 

dimensionality and compressing the data, by transforming the possibly correlated 

variables into a smaller set of uncorrelated variables. The possible loss of information is 

compensated by optimizing the input of the 24 variables for computational purposes. 

The principal components (PCs) are acquired by constructing uncorrelated linear 

combinations of the original variables, which in the case of this thesis means the four 

variables used to measure the performance along each of the six smart city dimensions. 

For example, the four first variables in Table 3 form a four-dimensional vector 

(𝑥1, 𝑥2, 𝑥3, 𝑥4), which can be transformed into a linear combination: 𝑦 = 𝑎1𝑥1 + 𝑎2𝑥2 +

𝑎3𝑥3 + 𝑎4𝑥4. The weights (𝑎1, 𝑎2, 𝑎3, 𝑎4), are determined by the PCA, so that they 

maximize the sum of squared correlations of the PC and the original variables. In 

algebraic terms, the first PC (human capital) looks like the following: 

𝑦1 = 𝑎11𝑥1 + 𝑎12𝑥2 + 𝑎13𝑥3 + 𝑎14𝑥4 

determined so that the variance of 𝑦1 is maximized by: ∑ 𝑎1𝑖
2 = 14

𝑖=1 , which therefore also 

maximizes the sum of squared correlations between 𝑦1 and (𝑥1, 𝑥2, 𝑥3, 𝑥4): ∑ 𝑟𝑦,𝑥𝑖
24

𝑖=1 . This 

allows the PCA to extract the associated correlations, which will be subject to analysis. 

The second PC is determined subject to the same constraints as the first PC but is 

additionally constrained by having to be uncorrelated with the first PC. This process can 

be repeated for the third and fourth PCs and even further, but usually, it is the first two 

that explain most of the variance in the dataset. (Dunteman, 1989) The more rigorous 

mathematical decomposition of how the method exactly works is left outside the scope 

of this thesis. The valuable information for this thesis is to extract from the PCA, 

following the example of Caragliu and Del Bo (2015), the eigenvalues of the PCs, their 

factor loadings, and the individual PC scores (or coefficients). 

The eigenvalues measure the amount of variation explained by the PC. The rule of thumb 

for selecting a meaningful enough component for measurement-purposes according to 

Kaiser (1961), mentioned in Caragliu and Del Bo (2015), is to select one with an 

eigenvalue greater than 1. If so, the PC scores contain enough information to be 

considered a significant input for further analysis. 
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Another selection criterion for a PC to be used as a meaningful measure, is for it to have 

reasonable factor loadings, as was shown by Dunteman (1989), mentioned in Caragliu 

and Del Bo (2015). The factor loadings are the correlations between the original values 

of the variables and the constructed weights (𝑎1, 𝑎2, 𝑎3, 𝑎4). Having reasonable factor 

loadings means that the signs of the loadings need to make sense from the viewpoint of 

measuring smartness. For example, when it comes to the social capital dimension, a PC 

that is selected must not only have an eigenvalue larger than one but also negative 

loadings for the first three variables (crime rates) and a positive for the fourth variable 

(no. of theatres). This way, the PC scores extracted will contain the information that high 

crime rates are lowering the urban smartness score, whereas the number of theatres is 

increasing it. 

Once the PCs that meet the two requirements are found, the individual PC scores from 

the analysis are extracted. The six different PC scores corresponding to the urban 

smartness dimensions for every city are then, following the example of Caragliu and Del 

Bo (2015), aggregated by calculating the un-weighted average of the components. By 

doing so, the final numerical value measuring the urban smartness of a city is acquired. 
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5 RESULTS 

This chapter will present the descriptive evidence from the datasets presented in Chapter 

4 and the empirical evidence based on the empirical model and method discussed in 

Chapter 3. In order to test the sensitivity of the estimates, an alternative data 

compression method for the urban smartness indicator and a slightly modified 

identification strategy are used. Finally, the various empirical estimates are discussed 

and compared to those by Caragliu and Del Bo (2018). 

5.1 Descriptive evidence 

The summary statistics of the urban characteristics are presented in Table 4. A full set of 

observations for every sample city was obtained. 

Table 4 Summary statistics on the urban characteristics 

Variable  

(unit of measure – observation year) 

N Mean Median Std. Deviation Min Max 

GDP growth rate  

(% - 2008-2013) 

283 1.54 

 

1.87 

 

2.05 

 

-7.27 8.66 

GDP per capita  

(€ - 2008) 

283 27 840 

 

28 000 

 

11 506 

 

4000 

 

78 000 

Population density 

(pop./km2 - 2008) 

283 484.51 

 

251 

 

667.48 

 

39 

 

4569 

 

R&D expenditure 

(% of GDP - 2008) 

283 1.67 

 

1.33 

 

1.20 

 

0.10 

 

6.37 

 

Quality of governance  

(Score - 2010) 

283 0.23 

 

0.60 

 

0.89 

 

-2.84 

 

1.76 

 

 

The average annual urban GDP growth rate is on average 1.54% between 2008 and 2013. 

The range and standard deviation of the growth rate seem relatively stable compared to 

those of the Eurozone national economies over the same period, presented in Ferreiro 

et.al (2017). The data on urban characteristics is also visually presented in Appendix 2. 

The scatterplots and histograms visualizing the distribution of observations show that 

there are no extreme outliers in the dataset which might lead to biases in the empirical 

estimations. 
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When it comes to the variable of interest, the histograms indicating the frequency of the 

smart city policy intensity scores in 0.2 -point intervals across the sample are presented 

in Figure 2 below. 

Figure 2 Smart city policy intensity 

 

Many of the cities in the sample seem to have implemented none or only a few smart city 

policies between 2008 and 2013. As a large portion of the sample cities have a smart city 

policy intensity score between 0 and 0.4, it seems that the framework of smart cities has 

not been widely accepted on the European level during the observation period21. The 

skewness of the distribution indicates that there is a wide variety of intensity when it 

comes to adopting the smart city framework to cities development strategies in Europe. 

It’s also visible from Figure 2 that there is another peak around policy score of 1.5, 

indicating that perhaps there is a group of cities that have taken on the agenda only 

recently. Another possible reason is the ease of implementation of certain policies at a 

lower level, and that pushing beyond the policy score ~1.5-2.0 might require significantly 

heavier commitment. There are only a handful of cities that have heavily implemented 

smart city policies22. The ten most active cities and their intensity scores are listed in 

Table 5 below.  

 
21 What would be interesting to see, is whether that has changed from 2013 onwards. 
22 This was expected as there still today exists a few “lighthouse” -cities (e.g. Barcelona) that have strongly adopted the 
smart city -concept as a part of their urban development strategy and marketing.  
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Table 5 Smart city policy intensity ranking 

Rank City Smart city policy intensity score 

1 Barcelona (ES) 3.607 

2 Glasgow (UK) 3.321 

- Manchester (UK) 3.321 

4 Eindhoven (NL) 3.071 

5 Helsinki (FI) 2.964 

- Malmö (SE) 2.964 

- Stockholm (SE) 2.964 

- Tampere (FI) 2.964 

- Wien (AT) 2.964 

- København (DK) 2.964 

 

When it comes to the instrument, urban smartness, the 20 smartest cities based on 

different compression methods are presented in Table 6. The rankings are based on the 

PCA conducted by Caragliu and Del Bo (2015), PCA conducted for this thesis based on 

the variables in Table 3, and a Z-transformation based on the same variables. The Z-

scores are later used to test the validity of the PCA and the sensitivity of the empirical 

estimates. The exact method will be presented in detail when presenting the sensitivity 

checks. The results of the PCA (factor loadings and eigenvalues) conducted for this thesis 

are reported in Appendix 3. 

Table 6 Urban smartness ranking 

Rank 
City, based on the PCA in 

Caragliu and Del Bo (2015) 
City, based on the PCA 

with new variables 
City, based on Z-scores 

with new variables 
1 London (UK) Oslo (NO) Uppsala (SE) 
2 Aarhus (DK) Bergen (NO) Bergen (NO) 
3 Arnhem (NL) København (DK) Oslo (NO) 
4 Aberdeen (UK) Stockholm (SE) Tampere (FI) 
5 Cambridge (UK) Uppsala (SE) Tallinn (EE) 
6 Darmstadt (DE) Tampere (FI) Stockholm (SE) 
7 Krakow (PL) Salzburg (AT) København (DK) 
8 Tampere (FI) Utrecht (NL) Aarhus (DK) 
9 Innsbruck (AT) Amsterdam (NL) Helsinki (FI) 
10 Wien (AT) Poitiers (FR) Odense (DK) 
11 Manchester (UK) Rennes (FR) Groningen (NL) 
12 Lille (FR) Groningen (NL) Turku (FI) 
13 Aalborg (DK) Besançon (FR) Rennes (FR) 
14 Salzburg (AT) Odense (DK) Bratislava (SL) 
15 Leeuwarden (NL) Leiden (NL) Leiden (NL) 
16 Nijmegen (NL) Nancy (FR) Amsterdam (NL) 
17 København (DK) Dijon (FR) Göteborg (SE) 
18 Groningen (NL) Malmö (SE) Dijon (FR) 
19 Mainz (DE) Göteborg (SE) Malmö (SE) 
20 Lisboa (PT) Tallinn (EE)23 Aalborg (DK) 

 
23 As a side note for people that might find it interesting, Helsinki ranked 22nd in the ranking based on the new PCA. The 
former number one London dropped to rank 237 using the new PCA and to 114 using the Z-score.  
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Some noticeable differences between the old and new PCAs are the absence of UK cities 

in the new ranking, a significantly stronger presence of Nordic countries in the new top 

20, and the better performance of French cities. When measuring urban smartness with 

the Z-score, the Nordics perform even better, as 13 of the top 20 cities are from the Nordic 

countries. The correlation between the ranking of the top 20 smart cities in Caragliu and 

Del Bo (2015) and the novel rankings done with PCA and Z-score are -0.577 and 0.273 

respectively. The comparison between only the 20 highest ranked cities has its 

limitations, however, the results indicate that the Z-score conducted in this thesis 

performs better at replicating the results used in the reference study. An intuitive 

discussion over what might cause the differences in the rankings is presented later. 

5.2 Regression results 

The IV estimates using the empirical model are reported in Table 7 below. Panels A and 

B report the second and first stages of the 2SLS estimations respectively. The 

endogenous variable Smart City Policy intensity is instrumented by the urban smartness 

indicator measured with the PCA.  

Table 7 Estimates of the empirical model using PCA 

  

Panel A: Second stage  

Dependent variable: Metro area GDP growth rate, 2008-2013 

Model: (7.1) (7.2) (7.3) (7.4) (7.5) 

Constant 0.486 

(0.388) 

0.441 

(0.426) 

0.330 

(0.431) 

0.260 

(0.411) 

1.268*** 

(0.388) 

Initial GDP per capita 0.00001 

(0.00002) 

0.00001 

(0.00002) 

0.00001 

(0.00002) 

-0.00001 

(0.00002) 

-0.00002 

(0.00002) 

Smart City Policy intensity 0.929 

(0.892) 

0.986 

(0.892) 

1.151 

(0.971) 

0.974 

(0.921) 

-o.171 

(0.542) 

Capital dummy - -0.674 

(1.093) 

-0.842 

(1.090) 

-0.587 

(1.034) 

0.995 

(0.638) 

Population density - - 0.0002 

(0.0002) 

0.0003 

(0.0002) 

0.0003* 

(0.0002) 

R&D expenditure - - - 0.446*** 

(0.125) 

0.338*** 

(0.117) 

Quality of local institutions - - - - 0.579*** 

(0.211) 

      

Observations 283 283 283 283 283 

Estimation method IV IV IV IV IV 

Variable instrumented Smart City Policy intensity 

Instrument(s) used Urban Smartness (PCA) 

Wu-Hausman test 1.639 1.687 2.424 1.902 0.021 

Sargan test - - - - - 

Hansen J-statistic - - - - - 

Panel B: First stage      

Dependent variable: Smart City Policy intensity 
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Constant 0.431*** 

(0.154) 

0.462*** 

(0.145) 

0.453*** 

(0.146) 

0.457*** 

(0.147) 

0.160 

(0.159) 

Urban Smartness (PCA) 0.247*** 

(0.085) 

0.226*** 

(0.080) 

0.237*** 

(0.081) 

0.238*** 

(0.081) 

0.404*** 

(0.088) 

Initial GDP per capita 0.00001 

(0.00002) 
0.00001* 

(0.00000) 

0.00001 

(0.00001) 

0.00001 

(0.00001) 

0.00002*** 

(0.00001) 

Capital dummy - 0.992*** 

(0.166) 

0.991*** 

(0.166) 

0.989*** 

(0.166) 

0.714*** 

(0.174) 

Population density - - 0.0001 

(0.0001) 

0.0001 

(0.0001) 

0.0001 

(0.0001) 

R&D expenditure - - - -0.013 

(0.046) 

0.045 

(0.047) 

Quality of local institutions - - - - -0.354*** 

(0.085) 

      

First stage F-statistic 8.494 8.020 8.593 8.625 21.014 

Estimation method OLS OLS OLS OLS OLS 

R2 0.106 0.208 0.210 0.210 0.257 

Note:                              Robust standard errors in parenthesis, significance levels: *p<0.1; **p<0.05; ***p<0.01 

 

The models 7.1 through 7.5 in panel A are progressively added control variables to notice 

possible issues with multicollinearity. After adding the last control variable, Quality of 

local institutions, we notice a big change in the coefficients of the rest of the estimates. 

This could indicate a possible issue with multicollinearity. On the other hand, the first 

stage F-statistic reported in panel B increases above the required value of 10 only after 

adding the last control variable. The reported F-statistics refer to those of the instrument.  

The changes in the coefficients are puzzling, which is why we take the relationship 

between the Quality of local institutions and the 24 urban smartness variables described 

in Table 3 under closer inspection. The result of regressing the Quality of local 

institutions on the full set of variables is presented in Appendix 4. Many of the urban 

smartness indicators show significant estimates for the impact on the Quality of local 

institutions in the full regression, explaining the sudden increase in the F-statistic. It 

seems like there is a trade-off in the model specification between the necessary properties 

for valid instruments (F-statistic over 10) and consistency of estimates needed for 

unbiased results (no sudden changes in the coefficients). 

Regardless of the possible issues with model specification, the variable of interest, Smart 

City Policy intensity, does not seem to have a significant effect on urban GDP growth as 

shown in the results reported in panel A. Initial GDP per capita and the capital dummy 

show no significant estimates of their impact on urban GDP growth either. However, the 

three other exogenous control variables, representing the drivers of urban growth 
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identified in the literature review, seem to have a significant positive impact on the 

dependent variable. 

To stay consistent with the reference study by Caragliu and Del Bo (2018), the estimation 

is also performed with two instruments. The identification strategy used by Caragliu and 

Del Bo (2018, pp. 89) states, that a capital city is a more attractive investment target for 

smart city -creation, but it does not necessarily grow any faster than a small or medium-

sized city. This is as far as the arguments for instrument validity go in the reference study, 

which is why the capital dummy was moved to a control variable in this thesis. However, 

the insignificance of the capital dummy presented in Table 7, and its low correlation with 

the dependent variable presented in Appendix 5, suggest that it might also work as an 

instrument. The possible issues with the identification strategy being acknowledged, the 

estimates using both urban smartness and the capital dummy as instruments are 

presented in Table 8 below. 

Table 8 Estimates of the empirical model using two instruments (PCA) 

Panel A: Second stage  

Dependent variable: Metro area GDP growth rate, 2008-2013 

Model: (8.1) (8.2) (8.3) (8.4) 

Constant 0. 586* 

(0.332) 

0.501 

(0.336) 

0.380 

(0.331) 

1.159*** 

(0.392) 

Initial GDP per capita 0.00002 

(0.00001) 

0.00002 

(0.00001) 

-0.00001 

(0.00001) 

-0.00003 

(0.00002) 

Smart City Policy intensity 0.437 

(0.384) 

0.475 

(0.382) 

0.503 

(0.375) 

0.461 

(0.369) 

Population density - 0.0003 

(0.0002) 

0.0003* 

(0.0002) 

0.0003* 

(0.0002) 

R&D expenditure - - 0.445*** 

(0.117) 

0.327*** 

(0.120) 

Quality of local institutions - - - 0.629*** 

(0.214) 

     

Observations 283 283 283 283 

Estimation method IV IV IV IV 

Variable instrumented Smart City Policy intensity 

Instrument(s) used Urban Smartness (PCA), capital dummy 

     

Wu-Hausman test 2.398  2.874* 3.178* 1.987 

Sargan test 0.442 0.729 0.373 2.360 

Hansen J-statistic 

(p-value) 

0.436 

(0.508) 

0.718 

(0.397) 

0.366 

(0.545) 

2.321 

(0.127) 

Panel B: First stage     

Dependent variable: Smart City Policy intensity 

First stage F-statistic 22.705 22.983  22.864 23.829 

Estimation method OLS OLS OLS OLS 

R2 0.208 0.210 0.210 0.257 

Note:                          Robust standard errors in parenthesis, significance levels: *p<0.1; **p<0.05; ***p<0.01 
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When using two instruments, we observe a much more stable first stage F-statistic over 

the addition of controls through models 8.1 and 8.4. Panel B does not report the OLS 

estimates since they would just repeat what was reported in table 7. The first stage F-

statistic is that of the two instruments. It seems like the explanatory power of the 

instruments is slightly increased after the second instrument is added, based on the 

increase in the first stage F-statistic in the full model. In model 8.4, we observe somewhat 

similar results as in model 7.5 but with less variation in the coefficients via the addition 

of the Quality of local institutions -control variable. The variable of interest, Smart City 

Policy intensity, gets a positive coefficient in the full model using the two-instrument 

setup, as opposed to the full model using one instrument. However, the estimate is not 

statistically significant, unlike in the reference study by Caragliu and Del Bo (2018).  

The Wu-Hausman test is not significantly passed for the full models in either case of 

using one or two instruments, indicating that perhaps an OLS estimate would be more 

consistent. A similar but more reliable Cragg-Donald test was significantly passed for the 

full model in the reference study, indicating more reliable estimates compared to the 

ones in this thesis. The Wu-Hausman test is passed in models 8.2 and 8.3, indicating 

once again that some dynamics change as the last control variable is introduced. 

The Sargan test and the Hansen J-statistic are different names for the same method, 

testing for instrument exogeneity in the case of overidentification. Overidentification is 

a situation where there are more instruments than endogenous variables. The reason for 

including both is that the Sargan test is automatically computed by the statistical 

software, whereas the J-statistic is calculated manually following the logic in Stock and 

Watson (2011). The reason for the small variance between the test statistics is expected 

to arise from the computation method and is not explored further due to its small scale. 

The statistics reporting non-significant values indicate that both instruments are 

exogenous, suggesting that the inclusion of the second instrument is improving the 

validity of the IV estimates. (Stock & Watson, 2011) 

When it comes to answering the research question based on the empirical estimates 

provided in Tables 7 and 8, there is no conclusive evidence pointing towards a significant 

impact on urban economic growth from implementing Smart City Policies. 

5.3 Sensitivity checks 

As there are clear differences between the urban smartness rankings in the study by 

Caragliu and Del Bo (2015) and the ones constructed for this thesis, the next step is to 
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use a different data standardization method for constructing the instrument. The change 

is done to test the sensitivity of the empirical estimates and to possibly uncover more 

about what leads to the differences between the estimates in this thesis and the reference 

study. The alternative method, Z-transformation, is adopted from another study 

measuring urban smartness with a wide set of proxy variables, by Giffinger et.al (2007). 

The values of the indicators that were also used to conduct the PCA, reported in Table 3, 

are alternatively standardized using the Z-transformation: 

𝑧𝑖 =
𝑥𝑖 − �̅�

𝑠
 

where 𝑧𝑖 is the transformed value of the observation (Z-score), 𝑥𝑖 is the original value, �̅� 

is the sample mean, and 𝑠 is the standard deviation of the sample. The method 

transforms the observations for each indicator so that it has an average of 0 and a 

standard deviation of 1. The method, much like the PCA, standardizes the observations 

so that they are comparable, but still contain the variation within the sample. To acquire 

the aggregate measure for urban smartness, the average of the Z-scores of the 24 

variables is computed for each city. Before that, it is checked that the sign of the Z-scores 

makes sense from the standpoint of measuring smartness. This means that e.g. the scores 

from PM10 omissions are multiplied with -1 to note it as a smartness-decreasing variable. 

The density plots of the urban smartness scores using PCA and Z-transformation are 

reported in Figure 3 below. We observe similar but smoother distribution of results when 

using the Z-transformation. 

Figure 3 Density plots of the Urban Smartness scores 
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Before getting to the sensitivity analysis of the IV regressions, the correlation between 

the two urban smartness measures is checked. This is done to be reassured that the PCA 

was conducted without major mistakes (as the Z-transformation is a less complex 

method) and that the two do not perfectly match, in which case the sensitivity analysis is 

redundant. The results of plotting the PCA scores against the Z-scores and the fitted 

regression line are shown in Figure 4. 

Figure 4 Relationship between the Urban Smartness measures 

 

The two urban smartness measures are correlated, which means that most likely nothing 

went wrong with the PCA. Also, the results show some variation depending on the 

standardization method, indicating that the Z-transformation will offer a meaningful 

alternative to the PCA. On the other hand, whether Z-transformation is better than PCA 

at capturing urban smartness is left unexplored in this thesis. When it comes to earlier 

arguments, e.g. Lazarou and Roscia (2012) criticize the simplicity of the Z-

transformation as a standardization technique, indicating that the following IV 

regression results might not be as valid as those done with the PCA. The argument by 

Lazarou and Roscia (2012) also provides a possible reason for why the distribution of 

results is smoother for the Z-score, as shown in Figure 3, as some of the information 

might be lost. We also notice a similar second peak in the distribution of PCA scores in 

Figure 3 as we did with the policy intensity score in Figure 2, suggesting a better fit. 
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The IV estimates of the empirical model, using the urban smartness indicator measured 

with Z-transformation as the only instrument, are reported in Table 9 below. 

Table 9 Estimates of the empirical model using Z-score 

Panel A: Second stage  

Dependent variable: Metro area GDP growth rate, 2008-2013 

Model: (9.1) (9.2) (9.3) (9.4) (9.5) 

Constant -0. 201    

(0.982) 

-0.347    

(1.000) 

-0.427    

(0.977) 

-0.354    

(0.839) 
1.253*** 
(0.407) 

Initial GDP per capita -0.0001 

(0.0001) 

-0.00004 

(0.0001) 

-0.00004 

(0.0001) 

-0.00001 

(0.00005) 

-0.00004* 

(0.00002) 

Smart City Policy intensity 4.338     

(3.538) 

4.108     

(3.090) 

4.280      

(2.999) 

3.497      

(2.540) 

o.665   

(0.724) 

Capital dummy 
- 

-3.835 

(3.236) 

-4.009 

(3.154) 

-3.139 

(2.673) 

0.259  

(0.777) 

Population density 
- - 

0.0001 

(0.0004) 

0.0002 

(0.0003) 

0.0003 

(0.0002) 

R&D expenditure 

 
- - - 

0.459** 
(0.205) 

0.316** 
(0.123) 

Quality of local institutions 
- - - - 

0.729*** 
(0.236) 

      

Observations 283 283 283 283 283 

Estimation method IV IV IV IV IV 

Variable instrumented Smart City Policy intensity 

Instrument(s) used Urban Smartness (Z-score) 

Wu-Hausman test 7.423*** 7.735*** 9.628*** 7.043***  1.274 

Sargan test - - - - - 

Hansen J-statistic - - - - - 

Panel B: First stage      

Dependent variable: Smart City Policy intensity 

Constant 0.286* 

(0. 146) 

0.342** 

(0.138) 

0.333** 

(0.139) 

0.339** 

(0.140) 

0.030 

(0.159) 

Urban Smartness (Z-score) 0.240 

(0.168) 

0.254 

(0.159) 

0.274* 

(0.161) 

0.281* 

(0.162) 

0.662*** 

(0.187) 

Initial GDP per capita 0.00002*** 

(0.00000) 
0.00001* 

(0.00000) 

0.00001*** 

(0.00000) 

0.00001** 

(0.00001) 

0.00002*** 

(0.00001) 

Capital dummy - 1.016*** 

(0.167) 

1.017*** 

(0.167) 

1.014*** 

(0.168) 
0.762*** 

(0.176) 

Population density - - 0.0001 

(0.0001) 

0.0001 

(0.0001) 

0.0001 

(0.0001) 

R&D expenditure - - - -0.016 

(0.047) 

0.030 

(0.047) 

Quality of local institutions - - - - -0.348*** 

(0.159) 

      

First stage F-statistic 2.026 2.573 2.905 3.002 12.577 

Estimation method OLS OLS OLS OLS OLS 

R2 0.085 0.192 0.194 0.195 0.236 

Note:                             Robust standard errors in parenthesis, significance levels: *p<0.1; **p<0.05; ***p<0.01 
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We observe similar dynamics as with the PCA estimates in Table 7, meaning the jump in 

the F-statistic as the final control variable is added as well as the problematic changes in 

the coefficients. Panel A shows that R&D investments and Quality of local institutions 

are again significant in explaining changes in urban GDP growth. We once again observe 

that the capital dummy does not report significant estimates. The first stage F-statistic is 

lower in model 9.5 using the Z-transformation standardized urban smartness indicator 

than in model 7.5. This would indicate a decreased capability of the instrument to explain 

variation in Smart City Policy intensity. We also observe a negative impact of initial GDP 

per capita, suggesting a small growth convergence effect. The variable of interest, 

however, is yet again not estimated to be statistically significant. 

As before, the IV regression is conducted with the same identification strategy as in the 

reference study. The empirical estimates of using urban smartness indicator and the 

capital dummy as instruments for Smart City Policy intensity are presented in Table 10. 

Table 10 Estimates of the empirical model using two instruments (Z-score) 

Panel A: Second stage  

Dependent variable: Metro area GDP growth rate, 2008-2013 

Model: (10.1) (10.2) (10.3) (10.4) 

Constant 0. 559* 

(0.338) 

0.476 

(0.342) 

0.355 

(0.337) 

1.231*** 

(0.412) 

Initial GDP per capita 0.00002 

(0.00001) 

0.00002 

(0.00001) 

-0.00001 

(0.00002) 

-0.00004* 

(0.00002) 

Smart City Policy intensity 0.568 

(0.415) 

0.611 

(0.414) 

0.630 

(0.406) 

0.863** 

(0.424) 

Population density 
- 

0.0003 

(0.0002) 

0.0003* 

(0.0002) 

0.0003* 

(0.0002) 

R&D expenditure 
- - 

0.447*** 

(0.119) 

0.312*** 

(0.125) 

Quality of local institutions 
- - - 

0.752*** 

(0.231) 

     

Observations 283 283 283 283 

Estimation method IV IV IV IV 

Variable instrumented Smart City Policy intensity 

Instrument(s) used Urban Smartness (Z-score), capital dummy 

Wu-Hausman test 3.215* 3.772* 4.040*** 5.594*** 

Sargan test 5.164*** 6.308*** 4.192*** 0.108 

Hansen J-statistic 

(p-value) 

5.186** 

(0.023) 

6.337** 

(0.012) 

4.164** 

(0.041) 

0.105 

(0.746) 

Panel B: First stage     

Dependent variable: Smart City Policy intensity 

First stage F-statistic 19.627 19.768 19.668 19.232 

Estimation method OLS OLS OLS OLS 

R2 0.192 0.194 0.195 0.236 

Note:                          Robust standard errors in parenthesis, significance levels: *p<0.1; **p<0.05; ***p<0.01 
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Once again, we observe more stable estimates and F-statistics as the control variables 

are progressively added. When it comes to the F-statistic, the urban smartness indicator 

constructed with the Z-transformation together with the capital dummy meets the 

requirements to fulfill the instrument relevance condition. The Wu-Hausman test is also 

significantly passed for the first time, indicating that the IV estimates are consistent and 

consequently the OLS estimates would not be. The Sargan test and the Hansen J-statistic 

also report a good result when it comes to the validity of the IV estimates, this time with 

even higher significance than in model 8.4. Overall, it seems like the full model IV 

regression with Z-score urban smartness indicator and capital dummy as instruments is 

the best empirical fit. 

When it comes to the full regression, model 10.4, we observe significant estimates for all 

the variables24. The estimate for initial GDP per capita once again suggests that the 

lower-income urban areas are catching up to the wealthier ones. Urban population 

density, investments into R&D and the quality of local institutions all show a positive 

and significant impact on urban GDP growth. The estimate for the Smart City Policy 

intensity indicates, for the first time, a positive impact on the dependent variable, 

significant within a 5% confidence interval. Given that Smart City Policy intensity is a 

standardized variable, we interpret that a one standard deviation increase in the policy 

score would cause a 0.863 standard deviation increase in urban GDP growth.  

There are, however, various arguments for why the results reported by model 10.4 might 

not be reliable. The possible issues include the lack of evidence supporting the rationale 

behind the identification strategy and the non-significant estimates in the previous 

models for the variable of interest. Taking into account the possible shortcomings, we 

settle for a more cautious interpretation of the relationship between Smart City Policies 

and urban GDP growth and simply state, that based on model 10.4, there exists a 

significant correlation and a possibility of a causal effect. 

To summarize the existing evidence on the impact of Smart City Policies on urban 

economic growth, an OLS estimation of the empirical model (model 0), the IV estimates 

 
24 It would have made intuitive sense to present these results as the “main results” of the empirical analysis, as they 
seem to give the most reliable answer to the research question with the significant estimate for the Smart City Policy 
intensity. I decided to conduct the analysis in the predetermined order before knowing the results, starting the analysis 
from the replication of the reference study. This meant that the PCA would be used as the primary method for 
standardizing the data for the urban smartness indicators, and that the Z-transformation measures were left for the 
sensitivity checks. 
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using the full model from this thesis (models 7.5, 9.5, 8.4 and 10.4) and the reference 

study results (model ref.) are presented in Table 11 below. 

Table 11 Comparison of the empirical estimates 

Dependent variable:  Metro area GDP growth rate, 2008-2013 

Model: (0) (7.5) (9.5) (8.4) (10.4) (ref.) 

Constant 1.267*** 

(0.388) 

1.268*** 

(0.388) 

1.253***  

(0.407) 

1.159*** 

(0.392) 

1.231*** 

(0.412) 

0.02 

(0.03) 

Initial GDP per capita -0.00002 

(0.00001) 

-0.00002 

(0.00002) 

-0.00004* 

(0.00002) 

-0.00003 

(0.00002) 

-0.00004* 

(0.00002) 

-0.01 

(0.00) 

Smart City Policy 
intensity 

-0.096 

(0.144) 

-o.171 

(0.542) 

o.665   

(0.724) 

0.461 

(0.369) 

0.863** 

(0.424) 

0.16*** 

(0.06) 

Capital Dummy 0.929** 

(0.442) 

0.995 

(0.638) 

0.259  

(0.777) 
- - - 

Population density 0.0003* 

(0.0002) 

0.0003* 

(0.0002) 

0.0003 

(0.0002) 

0.0003* 

(0.0002) 

0.0003* 

(0.0002) 

-0.01*** 

(0.00) 

R&D expenditure 0.366*** 

(0.116) 

0.338*** 

(0.117) 

0.316**  

(0.123) 

0.327*** 

(0.120) 

0.312*** 

(0.125) 

0.02*** 

(0.00) 

Quality of local 
institutions 

0.593*** 

(0.189) 

0.579*** 

(0.211) 

0.729***  

(0.236) 

0.629*** 

(0.214) 

0.752*** 

(0.231) 

0.03*** 

(0.01) 

       

Observations 283 283 283 283 283 309 

Estimation method 

(method/no. of 
instruments) 

OLS IV 
(PCA/1) 

IV  
(Z-score/1) 

IV  
(PCA/2) 

IV 
(Z-score/2) 

IV 
(PCA/2) 

(First stage) F-statistic 6.640*** 21.014 12.577 23.829 19.232 56.52 

Wu-Hausman test - 0.021 1.274 1.987 5.594*** [21.41***] 

Sargan test - - - 2.360 0.108 - 

Hansen J-statistic 

(p-value) 
- - - 

2.321 

(0.127) 

0.105 

(0.746) 
0.48 

Note:                          Robust standard errors in parenthesis, significance levels: *p<0.1; **p<0.05; ***p<0.01 

                                Model “ref.” corresponds to the full model from the reference study. 

 

Firstly, the OLS estimates are not subject to any rigorous testing or argumentation. They 

are presented for the sake of curiosity, and to highlight the somewhat problematic choice 

of the correct place for the capital dummy variable in the empirical estimation. It is 

shown to have a significant impact on GDP growth in the OLS regression, which suggests 

that its place is in the set of control variables, instead of as an instrument. However,  as 

was shown before, the IV regression diagnostic tests indicate otherwise. 
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When comparing the IV estimates presented in this thesis to the copied estimates from 

the reference study presented in the model “ref.”, we see that the most similar results are 

obtained by using the Z-score urban smartness measure and the capital dummy as 

instruments (model 10.4). The coefficients are noticeably different in the reference study, 

which can be due to several reasons. As the methods for standardizing the regressors are 

not explicitly explained in the reference study, we will pay no more attention to these 

issues, and rather focus on whether we find similar statistically significant relationships. 

When it comes to Smart City Policies' impact on urban economic growth, models 10.4 

and “ref.” indicate that there is a positive and statistically significant effect. 

5.4 Discussion of the results 

When we observe the different empirical estimates presented in Table 11, the overall 

evidence is not convincing from the standpoint of Smart City Policies having a significant 

positive impact on urban economic growth, compared to the results in the reference 

study alone. If we consider the empirical exercise performed in this thesis as a robustness 

check for the reference study, it seems like the empirical estimates provided by Caragliu 

and Del Bo (2018) are not robust. Caragliu and Del Bo (2018) do not provide any 

robustness checks of their own. However, given the right empirical setup and model 

specification, similar results can be obtained. The overall evidence indicates that there 

might have been a positive impact on the European urban economies from investing in 

different smart city projects and policies. 

Looking at the possible reasons which led to not being able to completely replicate the 

results provided in the reference study, the differences are possibly due to the variable-

selection for the urban smartness indicator. The main difference between the highest-

ranked cities based on urban performance is the shift from the Western European cities’ 

dominance to the Nordic cities. Perhaps the selected indicators in Caragliu and Del Bo 

(2015), are more appreciative of cities from e.g. the UK when it comes to measuring 

smartness. If we also take into account that some of the highest-ranked cities, when it 

comes to Smart City Policy intensity, were also from the UK (in this thesis and assumedly 

in the reference study), it would make intuitive sense to claim that the urban smartness 

indicators used in the reference study had a better empirical fit. This could explain the 

higher first stage F-statistic (56.52) reported in Caragliu and Del Bo (2018, pp.96) and 

presented in Table 11. Based on this observation, there is a need for more empirical 

evidence and a consensus for what constitutes urban smartness, and what proxies should 
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be used to measure it. A commonly agreed terminology would allow for more consistent 

methodology throughout the empirical research on Smart Cities in the future. 

The policy implication drawn from these results is that the municipal governments can 

be encouraged to implement their Smart City Policies and take part in different 

collaborative initiatives (e.g. EU Smart City -projects). However, given the lack of robust 

evidence of a positive impact, it is advisable to carefully assess each policy reflecting on 

the individual characteristics of the urban areas, rather than take the smart city-headline 

as a guarantee of effectiveness. 

Given that the empirical evidence is produced based on data gathered between 2008 and 

2013, there also is a need for research with novel data from 2013 onwards. As the smart 

city market is relatively new and constantly growing, more reliable evidence of the impact 

of these projects and policies on urban economies can be acquired with novel data. The 

empirical evidence provided by this thesis and the reference study are the only ones of 

their kind, meaning that also other empirical methodologies should be explored. The 

string of theoretical and empirical literature that provides the evidence for forming the 

empirical strategies is also novel, indicating a need for further economic research 

regarding smart cities overall. 
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6 CONCLUSION 

The smart city as a framework for urban planning and as a policy tool is a novel topic 

within the empirical economic literature. The rhetoric within the smart city market and 

communities highlights the positive effects of the phenomenon, but little is known of the 

actual economic impacts of the smart city policies implemented around the world. This 

research aimed to provide empirical evidence on the effect of these policies. The research 

design relied on the reference study by Caragliu and Del Bo (2018), and the expansion of 

data input and testing the robustness of the results are the contributions of this research 

to the smart city literature. 

By applying an Instrumental Variables regression with a sample of 283 European cities, 

the effect of Smart City Policies on urban economic growth was estimated. The results 

showed varying estimates for the significance of the positive effect. However, given the 

right model specification and measurement methods, the significant positive effect 

reported in the reference study was also found using partially novel data. 

Additionally, the urban smartness indicators that were produced to construct the 

instrument for the empirical estimation provided insights when it comes to the ranking 

of smart cities. Smart city rankings are produced by various private firms and institutions 

as a part of their business model, and the results often appear in various news sources in 

the countries and cities that perform well. The results from the urban smartness 

indicators show that the rankings are dependent on the selection of variables and can 

provide very different results based on which ones are selected for measuring smartness. 

When it comes to policy recommendations, the empirical results do not provide 

conclusive evidence on the European aggregate level. However, implementing smart city 

policies can have a positive effect, given that the policies implemented cater to the 

individual economic characteristics and needs of the city. 

Finally, there still exists a large gap in the smart city literature. There is a need for both 

theoretical argumentations to support the assumptions that guide the empirical 

strategies and empirical evidence that leads to more reliable policy recommendations. 
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APPENDIX 1 FULL LIST OF SAMPLE CITIES 

 

City (Country code) [N=283] 

Brussel (BE) Schweinfurt (DE) Montpellier (FR) Valletta (MT) Stockholm (SE) 

Antwerpen (BE) Wetzlar (DE) Saint-Etienne (FR) s' Gravenhage (NL) Göteborg (SE) 

Gent (BE) Braunschweig (DE) Rennes (FR) Amsterdam (NL) Malmö (SE) 

Charleroi (BE) Mannheim (DE) Amiens (FR) Rotterdam (NL) Uppsala (SE) 

Liège (BE) Münster (DE) Rouen (FR) Utrecht (NL) London (UK) 

Sofia (BG) Aachen (DE) Nancy (FR) Eindhoven (NL) West Midlands (UK) 

Plovdiv (BG) Lübeck (DE) Reims (FR) Tilburg (NL) Leeds (UK) 

Varna (BG) Kassel (DE) Orléans (FR) Groningen (NL) Glasgow (UK) 

Burgas (BG) Osnabrück (DE) Dijon (FR) Enschede (NL) Bradford (UK) 

Praha (CZ) Oldenburg (DE) Poitiers (FR) Arnhem (NL) Liverpool (UK) 

Brno (CZ) Heidelberg (DE) Clermont-Ferrand (FR) Breda (NL) Edinburgh (UK) 

Ostrava (CZ) Paderborn (DE) Caen (FR) Leeuwarden (NL) Manchester (UK) 

Plzen (CZ) Würzburg (DE) Limoges (FR) Leiden (NL) Cardiff (UK) 

København (DK) Bremerhaven (DE) Besançon (FR) Zwolle (NL) Sheffield (UK) 

Århus (DK) Heilbronn (DE) Grenoble (FR) Wien (AT) Bristol (UK) 

Odense (DK) Ulm (DE) Fort-de-France (FR) Graz (AT) Belfast (UK) 

 

Aalborg (DK) Pforzheim (DE) Tours (FR) Linz (AT) Newcastle upon Tyne (UK) 

 

Berlin (DE) Ingolstadt (DE) Angers (FR) Salzburg (AT) Leicester (UK) 

Hamburg (DE) Reutlingen (DE) Brest (FR) Innsbruck (AT) Aberdeen (UK) 

München (DE) Siegen (DE) Le Mans (FR) Warszawa (PL) Cambridge (UK) 

Köln (DE) Hildesheim (DE) Mulhouse (FR) Lódz (PL) Exeter (UK) 

 

Frankfurt am Main (DE) Zwickau (DE) Perpignan (FR) Kraków (PL) Portsmouth (UK) 

Stuttgart (DE) Wuppertal (DE) Nimes (FR) Wroclaw (PL) Coventry (UK) 

Leipzig (DE) Düren (DE) Pau (FR) Poznan (PL) Kingston upon Hull (UK) 

Dresden (DE) Bocholt (DE) Annecy (FR) Gdansk (PL) Stoke-on-Trent (UK) 

Düsseldorf (DE) Tallinn (EE) Marseille (FR) Szczecin (PL) Nottingham (UK) 

Bremen (DE) Dublin (IE) Nice (FR) Bydgoszcz - Torún (PL) Kirklees (UK) 

Hannover (DE) Cork (IE) Zagreb (HR) Lublin (PL) Doncaster (UK) 

Nürnberg (DE) Athina (GR) Split (HR) Katowice (PL) Sunderland (UK) 

Bielefeld (DE) Thessaloniki (GR) Roma (IT) Bialystok (PL) Medway (UK) 

Halle an der Saale (DE) Madrid (ES) Milano (IT) Kielce (PL) Brighton & Hove (UK) 

Magdeburg (DE) Barcelona (ES) Napoli (IT) Olsztyn (PL) Plymouth (UK) 

Wiesbaden (DE) Valencia (ES) Torino (IT) Rzeszów (PL) Swansea (UK) 

Göttingen (DE) Sevilla (ES) Palermo (IT) Opole (PL) Derby (UK) 

Darmstadt (DE) Zaragoza (ES) Genova (IT) Czestochowa (PL) Southampton (UK) 

Freiburg im Breisgau (DE) Málaga (ES) Firenze (IT) Radom (PL) Northampton (UK) 

Regensburg (DE) Murcia (ES) Bari (IT) Bielsko-Biala (PL) Bournemouth (UK) 

Schwerin (DE) Las Palmas (ES) Bologna (IT) Tarnów (PL) Colchester (UK) 

Erfurt (DE) Valladolid (ES) Catania (IT) Lisboa (PT) Blackburn (UK) 
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Augsburg (DE) Palma de Mallorca (ES) Venezia (IT) Porto (PT) Middlesbrough (UK) 

Bonn (DE) Vitoria/Gasteiz (ES) Verona (IT) Coimbra (PT) Oxford (UK) 

Karlsruhe (DE) Oviedo - Gijón (ES) Taranto (IT) Bucuresti (RO) Norwich (UK) 

Mönchengladbach (DE) Pamplona/Iruña (ES) Cagliari (IT) Cluj-Napoca (RO) Cheshire West and Chester (UK) 

Mainz (DE) Santander (ES) Padova (IT) Timisoara (RO) Ipswich (UK) 

Ruhrgebiet (DE) Bilbao (ES) Brescia (IT) Craiova (RO) Oslo (NO) 

Kiel (DE) Córdoba (ES) Messina (IT) Constanta (RO) Bergen (NO) 

Saarbrücken (DE) Alicante (ES) Prato (IT) Iasi (RO) 

  

Koblenz (DE) Vigo (ES) Parma (IT) Galati (RO) 

 

Rostock (DE) Santa Cruz de Tenerife (ES) Reggio nell Emilia (IT) Brasov (RO) 

 

Kaiserslautern (DE) A Coruña (ES) Bergamo (IT) Ploiesti (RO) 

 

Iserlohn (DE) Granada (ES) Lefkosia (CY) Ljubljana (SI) 

 

Flensburg (DE) Guipúzcoa (ES) Riga (LV) Maribor (SI) 

 

Konstanz (DE) Cádiz (ES) Vilnius (LT) Bratislava (SK) 

 

Gießen (DE) Paris (FR) Kaunas (LT) Kosice (SK) 

 

Bayreuth (DE) Lyon (FR) Luxembourg (LU) Helsinki (FI) 

 

Aschaffenburg (DE) Toulouse (FR) Budapest (HU) Tampere (FI) 

 

Neubrandenburg (DE) Strasbourg (FR) Miskolc (HU) Turku (FI) 

  

Rosenheim (DE) Bordeaux (FR) Pécs (HU) 

   

Offenburg (DE) Nantes (FR) Debrecen (HU) 

  

Görlitz (DE) Lille (FR) Székesfehérvár (HU) 
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APPENDIX 2 URBAN CHARACTERISTICS – VISUALIZATIONS 

 

A. Box plots of the independent variable and the exogenous dependent 

variables 
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B. Histograms of the independent variable and the exogenous dependent 

variables 
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APPENDIX 3 PCA RESULTS 

 

A. PCA results for the human capital component 

 Component 
1 

Component 
2 

Component 
3 

Component 
4 

Proportion of population aged 25-64 
qualified at tertiary level (ISCED 5-6) living 
in Urban Audit cities - % 

0.676 - 0.526 0.519 

Students in tertriary education (ISCED 5-6) 
living in Urban Audit cities - number of 
students per 1000 inhabitants 

0.467 -0.447 -0.744 0.171 

Proportion of employment in financial 
intermediation business activities + 
administration, health, education - % 

0.563 0.491 - -0.658 

Companies per 1000 pop. 0.114 -0.747 0.401 -0.517 

Eigenvalue 1.49 1.32 0.71 0.46 

Proportion of Variance 37.29 33.18 17.91 11.62 

Cumulative Proportion 37.29 70.46 88.38 100 

 

 

B. PCA results for the social capital component 

 Component 1 Component 2 Component 3 Component 4 

Car thefts per 1000 pop. 0.574 0.150 0.303 0.746 

Burglaries per 1000 pop. 0.546 -0.104 -0.825 -0.106 

Robberies per 1000 pop. 0.569 0.128 0.477 -0.658 

Number of theaters per 1000 pop. 0.221 -0.975 - - 

Eigenvalue 2.34 0.93 0.42 0.30 

Proportion of Variance 58.58 23.29 10.60 7.53 

Cumulative Proportion 58.58 81.86 92.47 100 
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C. PCA results for the transport infrastructure component 

 Component 
1 

Component 
2 

Component 
3 

Component 
4 

People killed in road accidents per 1 mil. 
pop. 

0.351 0.685 0.484 0.416 

Share of journeys to work by public 
transport - % 

0.245 -0.696 0.649 0.185 

Average time of journey to work 0.684 - - -0.725 

Number of registered cars per 1000 pop. -0.590 0.202 0.587 -0.517 

Eigenvalue 1.35 1.08 0.88 0.69 

Proportion of Variance 33.77 27.09 21.97 17.17 

Cumulative Proportion 33.77 60.85 82.83 100 

 

 

D. PCA results for the ICT infrastructure component 

 Component 
1 

Component 
2 

Component 
3 

Component 
4 

% of families with internet access at home 
(NUTS2) 

0.679 0.138 0.101 0.714 

Population of active ICT-businesses per 
1000 pop 

-0.139 0.853 -0.501 - 

Net ICT-business population growth - % -0.286 0.447 0.845 - 

% of population living in cities who 
purchased online in the last 12 months 
(Country data) 

0.662 0.232 0.157 -0.696 

Eigenvalue 2.01 1.01 0.89 0.09 

Proportion of Variance 50.16 25.36 22.15 2.33 

Cumulative Proportion  50.16 75.52 97.97 100 

 

 

 

 



  

 

66 

E. PCA results for the natural resources component 

 Component 
1 

Component 
2 

Component 
3 

Component 
4 

Municipal waste generated - 1000 
tonnes 

0.726 0.186 0.293 0.606 

Proportion of area in green space -0.510 - 0.839 0.185 

Annual average concentration of PM10 -0.193 -0.776 -0.204 0.565 

Annual average concentration of NO2 0.436 -0.601 0.411 -0.529 

Eigenvalue 1.31 1.22 0.91 0.57 

Proportion of Variance 32.78 30.41 22.64 14.18 

Cumulative Proportion 32.78 63.19 85.82 100 

 

 

F. PCA results for the E-government component 

 Component 
1 

Component 
2 

Component 
3 

Component 
4 

% of internet users who interacted via 
internet with the public authorities in the 
last 12 months (Country data) 

0.489 0.830 0.156 0.216 

% of internet users who sent filled forms to 
public authorities in the last 12 months 
(Country data) 

0.495 -0.175 -0.836 0.157 

% of individuals submitting income tax 
declaration via websites of public 
authorities (Country data) 

0.500 -0.515 0.496 0.489 

% of individuals using websites of public 
authorities for any e-government activities 
(Country data) 

0.516 -0.121 0.174 -0.830 

Eigenvalue 3.68 0.17 0.13 0.02 

Proportion of Variance 91.89 4.22 3.32 0.58 

Cumulative Proportion 91.89 96.11 99.42 100 
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APPENDIX 4 ADDITIONAL TESTS 

OLS estimates: QOG regressed on the Urban Smartness indicators 

Dependent variable: QOG (Quality of local institutions) 
Model: (A4) 

Constant -2.443*** 
(0.420) 

educ_pop 0.008*** 
(0.003) 

educ_stud 0.0002 
(0.0003) 

empl -0.014*** 
(0.003) 

cartheft -0.021** 
(0.008) 

burglary 0.011** 
(0.005) 

robbery -0.004 
(0.012) 

theaters 0.434 
(0.838) 

accidents -0.003*** 
(0.001) 

public -0.010*** 
(0.002) 

time 0.007** 
(0.003) 

cars -0.001** 
(0.002) 

internet 0.003 
(0.004) 

ICT_pop -0.188** 
(0.084) 

ICT_growth -0.017*** 
(0.004) 

online_market 0.015*** 
(0.003) 

waste 0.091 
(0.454) 

greenarea -0.003 
(0.002) 

PM10 -0.012*** 
(0.004) 

NO2 0.007** 
(0.003) 

interact 0.048*** 
(0.007) 

submit -0.001 
(0.004) 

onlinetax -0.011 
(0.008) 

anywebsite 0.003 
(0.008) 

  
Observations 283 
Estimation method OLS 
R2 0.892 
Adjusted R2 0.883 
Residual Std. Error 0.305 
F-statistic 97.787*** 
Note: Robust standard errors in parenthesis, *p<0.1; **p<0.05; ***p<0.01. The short names of the 
variables intuitively correspond to the variable descriptions and the order presented in Table 3. 
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APPENDIX 5 CORRELOGRAM – VARIABLES USED IN THE 
EMPIRICAL ESTIMATIONS 

 

 

 


