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Abstract 

UK has one of the largest car markets in the world, with a growing share of alternative fuel vehicles (AFVs), and a 

great importance to the UK economy. However, extensive insight into the vehicle characteristics that influence prices 

and sales in the UK car market is lacking. To provide such insight, this paper constructs a novel, extensive and 

contemporary dataset for the entire UK car market, for the period 2008-2018. This dataset represents over 99% of 

the market and includes a wide range of information on car characteristics, attributes, equipment, prices and sales. 

A hedonic pricing model is then applied, using the adaptive Lasso, ordinary least squares, weighted least squares, 

quantile, and penalized weighted quantile regressions. The main goals of the paper include: finding the key car 

characteristics that influence market prices, comparing these characteristics between conventional vehicles (CVs) 

and AFVs, constructing quality constant hedonic price indices, and finding the most important car characteristics for 

AFV consumers. The results of the research show that the key characteristics influencing car prices are vehicle 

size/weight, performance, safety ratings, range and lower interior noise. In terms of equipment, these are automatic 

air conditioning, full electric mirrors, automatic wipers, rear-view camera and infotainment display, but the effect 

gets weaker as car prices increase. AFV prices are significantly more sensitive to changes in features than CV prices, 

especially to changes in performance, emissions and extra equipment. Analysis of the hedonic price indices showed 

that about 70% of the increase in car prices between 2008 and 2018 in the UK car market was caused by 

improvements in vehicle quality, causing a rise in car prices of about 2.5% per year. Additionally, the AFV features 

found the most important to consumers are performance, maximum range, environmental friendliness and 

size/comfort. 
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1. Introduction 

1.1. Vehicle Market Introduction 

 Automobiles occupy a crucial role in the daily lives of the majority of people, and therefore represent an 

interesting and beneficial topic for research in many academic fields. Recently, increased attention has been paid to 

the car market by researchers, governments, and the public, as the market is entering a unique stage of transformation 

and development. With the focus on environmentally friendly vehicles being greater than ever, we are seeing a boom 

of alternative fuel vehicles (AFVs) after decades dominated by conventional vehicles (CVs). The number of available 

AFV models in the UK increased from under 1% in 2008 to just under 8% in 2018, while for purely electric vehicle 

models, this increase was from 0.4% in 2008 to almost 3% in 2018. Furthermore, the introduction of the first 

commercially sold hydrogen1 car, the Hyundai ix35 FCEV in 2013, and the follow up introductions of Toyota Mirai, 

Honda Clarity and Hyundai Nexo only further stress the ongoing transformation of the global car market. This can be 

further amplified in the foreseeable future with the potential introduction of semi and fully autonomous vehicles. 

 Due to its size in terms of revenues, employment and exports, the car industry stands as a crucial sector of the 

economy for most major countries. It represents around 12% of exports in Germany (with a turnover of over 400 

billion euros), 5% in France, 6% in Sweden and 13% in the Czech Republic (OEC, 2017). The UK is no different as 

it represents one of the country’s most important economic pillars. It directly employs almost 170 000 people and 

over 820 000 across the wider car industry, has a yearly turnover of more than £82 billion and represents about 14.4% 

of all the exports (SMMT, 2018). UK has one of the largest car markets in the world (6th), and 2nd in Europe. 

Due to the importance of the car market for the economy of many countries, there is a wide and growing 

literature looking into various aspects of the market. Many researchers apply hedonic pricing regressions to examine 

the effects of various attributes on prices and sales. However, there has been relatively little work done on the UK car 

market, despite UK being a very large market and of significant importance to the national economy. Consequently, 

an extensive, contemporary, and direct empirical insight into the UK car market is missing from the literature, which 

this paper aims to provide, using an extensive, unique and current dataset and applying the hedonic pricing technique. 

1.2. Research Significance 

This paper encompasses the following four research questions, answered in the remainder of the work: 

1. How do vehicle characteristics, features and equipment influence vehicle price in the UK car market? 

2. How does this influence differ between conventional vehicles and alternative fuel vehicles? 

 
1 Hydrogen cars react hydrogen with oxygen in a fuel cell, to run the electric motor and produce water as waste. 
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3. Constructing the quality adjusted hedonic price index for UK car market, 2008-2018. 

4. What are the key vehicle characteristics, features and equipment that influence the sales of AFVs? 

The main methods used to answer these questions include: adaptive lasso, ordinary least squares (OLS), weighted 

least squares (WLS), quantile regressions, weighted quantile regressions and penalized weighted quantile regressions. 

With the exceptions of Murray and Sarantis (1999), and Crawford and Neary (2019), similar research has not been 

done for the UK car market. However, Murray and Sarantis (1999) used data on 123 car models starting in 1977, and 

Crawford and Neary (2019) used data on only 36 models starting in 1988, so both the data sets used are quite old. My 

contribution is unique, as I constructed and use a completely novel, current and very extensive manually collected 

database. I have sales, prices and a wide range of characteristics and equipment data for almost every car model in 

the UK market (the data represents over 99% of the market) in the years 2008-2018. The only missing models are 

very expensive, high end cars (e.g. Lamborghini or Ferrari) that would skew the data, and unique cars, such as the 

ones made by Morgan2. To the best of my knowledge, this is the first time that anyone has done such an analysis for 

the UK car market with this extensive and recent dataset. A large and wide dataset brings the benefits of more control 

variables, more options for inference on independent variables and the possibilities of stronger or completely new 

conclusions. Further contribution comes from the application of quantile regression to the data, as to my knowledge, 

this method has not been used before to examine the car market. Different car characteristics may be priced differently 

for cars in the upper price range, compared to cars in the lower price range. Using just an OLS or WLS regression 

would not show this phenomenon, as these are only based on the mean of the whole price distribution. Quantile 

regression that I perform on the other hand allows for different pricing of car characteristics along the overall price 

spectrum, and thus provides a deeper insight into the UK car market. 

 The research questions stated above are of interest to many car dealers attempting to set competitive prices, 

as well as to the government and policy makers. The quality adjusted hedonic price indices are at the forefront of the 

political debate and on the agenda of many researchers, as pointed out by Reis and Santos Silva (2006). This is because 

if the effects of quality change are not measured correctly, the ordinary consumer price index can significantly 

overestimate inflation, which leads to an underestimation of productivity and living standards growth (Boskin et al., 

1996). This could also be one of the reasons for productivity growth slowing down in advanced economies (Feldstein, 

2017). Consequently, hedonic pricing technique and quality adjusted hedonic indices are of great general interest. 

 
2 Morgan is a British car manufacturer which specializes in producing old-style, historic vehicles. All vehicles are made using wood, and entirely 

assembled by hand. The company only produces around 850 cars every year. 
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The rest of the paper is organized as follows. Section 2 reviews the relevant literature for hedonic modelling 

in general and hedonic pricing regressions in car markets in particular. Section 3 explains the unique dataset, its 

construction procedure and what information it contains. Section 4 gives an overview of the UK car market through 

the use of descriptive statistics. Section 5 delves into the methodology used to answer the four main research 

questions. Section 6 provides the results of the research and discussion. The final section 7 then concludes the paper. 

2. Literature Review 

 The relevant literature of hedonic pricing regressions can be roughly divided into three main strands. First, 

one with similar goals as this paper, that applies hedonic regression techniques to different vehicle markets. Second, 

one that also applies hedonic techniques, but focuses on a different composite good, (e.g. houses). These works don’t 

investigate car markets, but reviewing them is useful as their methodology can be valuable for researchers looking 

into the vehicle markets as well. Third, one that looks into the more theoretical aspects of hedonic regression 

techniques, such as consistency or identification. These strands are now going to be reviewed in more detail. 

2.1.  Hedonic Regressions on Vehicle Markets 

 The first use of the hedonic modelling procedure, and the coining of the term “hedonic” was done by Court 

in 1939, however, the paper that popularized the use of hedonic regressions was written by Griliches (1961). Griliches 

(1961) wanted to explore whether it would be feasible to implement, and whether it would provide worthwhile results. 

He took note of the fact that general price indices do not consider changes in overall quality of the products and he 

wanted to alleviate this important problem. Therefore, he investigated the US car market in the years 1930, 1950 and 

1954-1960 by regressing the vehicle characteristics on vehicle price, and discovered the marginal percentage effects 

on price to construct quality adjusted or “hedonic” price indices. The main finding is that the increase in prices of the 

US car market in 1950s can be explained purely by improvements in vehicle quality. 

 Calculation of hedonic price indices for a car market was more recently done by e.g. Reis and Santos Silva 

(2006). The paper aimed to examine how quality change affects the price indices for new cars in the Portuguese car 

market in 1997-2001. The interest in quality adjusted price indices was amplified with a report by Boskin et al. (1996), 

and more recently by Feldstein (2017), which stressed that inaccurate price indices could negatively affect the 

perception of the economy and policy decisions. This bias of the consumer price indices was further explored by 

Wayne and Rodriguez-Palenzuela (2004). Applying a weighted least squares regression, the authors find that the price 

index bias may be about 0.15 percentage points per year. 
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 This same question was explored by Murray and Sarantis (1999), using a panel dataset of the UK car market 

(1977-1991). Similarly to Reis and Santos Silva (2006), weighted least squares method is applied, where each car 

model is weighted by the market share of that model, as in Hogarty (1975). A recent example of the same approach 

for the UK car market is in Crawford and Neary (2019), with data for 36 car models over the 1988-1995 period. 

Murray and Sarantis (1999) conclude that car price is most affected by performance, luxury items, economy and 

maneuverability, while durability and safety were either insignificant, or had the wrong sign. 

 A popular area of the car market hedonic modelling literature focuses on cost, value and characteristics of 

safety in vehicles. Mount et al. (2000) examine automobile safety and aim at obtaining the value of statistical life for 

children and the elderly, similarly as Blomquist et al. (1996). This is done by inspecting the amount that families with 

children and elder member spend on car safety, in comparison to families without children or the elderly. Using US 

survey data from 1995, the authors calculate that a child’s value of statistical life is slightly more than adult’s, which 

is slightly more than elder’s. Additionally, a negative correlation between risk of fatal accident and price was 

discovered, similarly as in Andersson (2005) for the Swedish car market. 

 With environmentally friendly transportation being at the forefront of both political and academic debate, 

many researchers look into the pricing of fuel-efficient vehicles. Applying hedonic pricing regressions on the Swiss 

car market over the period 2000 to 2011, Alberini et al. (2014) attempt to find whether fuel economy labels have any 

additional effect on car prices. This depends on whether consumers value fuel efficiency benefits or “misperceive” 

them (Anderson et al., 2011). Studies found that producers set higher prices for goods that would otherwise be 

identical, if they have fuel economy label (Houde, 2018). 

2.2. Hedonic Regressions on Other Composite Goods 

 A popular area of research where the hedonic pricing technique is frequently used is house prices. For 

example, Sirmans et al. (2005) investigate the marginal contributions that house characteristics have on prices. 

Similarly to the hedonic modelling used in the car markets, linear or semi-logarithmic3 models are typically used, and 

these models assume that consumers derive utility and value from the many different housing attributes (Malpezzi et 

al., 1980). However, while many papers also choose to use the OLS and WLS, a number of researchers decided to 

rather apply a quantile regression. For example, Zietz et al. (2007) argue that the observed variation of results from 

previous studies may be explained by the fact that attributes are not priced equally across the house prices distribution. 

 
3 The dependent variable would typically be the natural logarithm of price (Ln 𝑃𝑟𝑖𝑐𝑒). The coefficient estimates would then provide the 

percentage change in price for a marginal (one unit) change in each variable. 
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Therefore, they apply a quantile regression to find the implicit prices of housing attributes for different points of the 

house prices spectrum, and alleviate the insufficiencies of an OLS regression. Additionally, as quantile regressions 

use the entire sample, truncation is not a problem (Heckman, 1979). The same variations in the valuation of different 

house characteristics across the price distribution are found by Coulson and McMillen (2007) using their hedonic 

indices, and this effect would likely apply to the car market as well. 

2.3. Theory and Hedonic Regressions 

 Several authors go over the theory behind hedonic pricing technique and hedonic price indices. A primary 

example is the work of Rosen (1974), who formalized this research area on a theoretical level. The model that Rosen 

(1974) presented assumes that producers create a composite good (such as a car) in such a way, that it has the ultimate 

characteristics that consumers desire. This conceptual foundation of Rosen was later used in many subsequent studies. 

 A useful review of hedonic regression methods was done by de Haan and Diewert (2013). The authors look 

into the standards of hedonic modelling, estimation and the theory behind them, review some of the practical issues 

that can be encountered, the methods to calculate hedonic price indices, as well as their advantages and disadvantages. 

The calculation of hedonic price indices is also examined by Diewert (2003). The author investigates whether quantity 

weights should be used in hedonic regressions, and concludes that the use of weights when modelling hedonic 

regressions can be highly recommended. Diewert (2003) also states that in general, linear hedonic regressions should 

be avoided as they are “difficult to justify on theoretical grounds”. A detailed discussion and explanation of a wide 

range of hedonic techniques can be found in the book by Aizcorbe from 2014. The book can be highly useful for a 

researcher attempting to apply hedonic methods, as it contains hedonic theory, basic intuition, explanations of 

practical approaches, their advantages and disadvantages, as well as a large array of examples for each approach. 

 Further hedonic regression theory is investigated by Machado and Santos Silva (2001, 2006), through 

examining the implications of identification with averaged data for hedonic regression studies. The authors point out 

that when models with averaged data, and an endogenous selection into groups, are estimated, WLS should be used 

as weights not only provide efficiency, but consistency as well. Finally, Machado and Santos Silva (2006) suggest 

that the question of endogeneity can be empirically tested by comparing the OLS and WLS estimators (White, 1980). 

3. Data 

 This paper uses a novel and unique dataset in order to provide answers to the main research questions. As it 

is entirely new and I am the sole creator, the dataset hasn’t been used in any research paper before and will thus 

provide a unique and contemporary insight into the UK car market. The entire dataset was manually collected (data 
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point by data point) from a wide range of both physical and online sources. It contains extensive information on a 

wide range of vehicle attributes for almost all of the car models in the UK car market, for the time period 2008-2018. 

Apart from sales and prices, there is information on vehicle physical characteristics (such size or maximum speed), 

electric vehicle characteristics (e.g. battery capacity and charging time), vehicle safety attributes (such as safety 

ratings or the presence of airbags), vehicle equipment (e.g. presence of electric windows or the number of speakers) 

and others (such as country of origin, or the vehicle’s segment4). As such, the dataset contains information on hundreds 

of car models from 46 different car manufacturers and 11 different countries. Each year of my dataset represents more 

than 99% of the UK car market, and the only vehicles that are not included are special niche vehicles, such as very 

fast and expensive sports cars sold only in small quantities. Including such distinct vehicles into the dataset would 

increase the number of data points and make my data set contain the UK car market in its entirety, but such an 

approach is ill-advised, as these vehicles represent extremes, and would most likely skew the overall data and thus, 

the final results. Altogether, the dataset contains 2733 observations (where each one car model in one year represents 

one observation), 85 different vehicle characteristics, 142 different variables and therefore, more than 400 000 unique 

data points. The data collection process and variable construction will now be examined in more detail. 

3.1. Collection of the Data 

 As in any car market, vehicle models enter and exit the UK car market often. Sometimes, new models enter 

as a new generation of an already existing model, which at the same time exits the market. For example, Ford Focus 

was in the UK car market for the entire 2008-2018 period examined, but it went through two generation changes and 

hence changes in characteristics and equipment. On top of that, each vehicle model also usually has an extensive 

range of trim5 levels, where the differences in characteristics, equipment and price between the most basic trim and 

the top trim are vast. Therefore, it had to be ensured that models will be consistent across years and thus comparable. 

For example, comparing the most basic trim of Škoda Fabia with the top trim of BMW i3 would not yield much useful 

information, even though both are of segment B (small cars). Consequently, to ensure consistency, only the physical 

characteristics, equipment and price of the most basic trim are added for each vehicle model in the dataset. 

Additionally, each change of vehicle generation in the market is accounted for with updated characteristics, equipment 

and price of the most basic trim of that vehicle. This allows for a direct comparison of all the car models in the market, 

comparison of the market at different points in time, and hence, a meaningful regression analysis and results inference. 

 
4 Cars are generally divided into segments, based on their type and characteristics, e.g. A: mini cars, B: small cars, etc. 

5 Trim levels for a given car model specify which equipment and special features are included as standard. Higher trims are offered for a higher 

price tag, but they have more equipment and features fitted as standard, compared to lower trims. 
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 As stated, the information for this dataset was collected from a wide range of sources. The first attributes to 

collect were sales and price. Sales represent the popularity of each model, its market weight, and its performance in 

the market, while price is of upmost interest to both consumers and dealers, and should embody the “richness” of 

characteristics and equipment of each car model. The data for sales (in units sold) comes from the manufacturers’ 

websites, the Society of Motor Manufacturers and Traders (SMMT) and from the Mark Lines automotive data portal. 

Additionally, the market share of each model for each year, the vehicle’s segment, the model manufacturer, and the 

vehicle’s country of origin (set as the country that a consumer perceives the car to be from) are also obtained. Data 

for car prices comes from purchasing the old physical issues of New Car Prices and Specs Guide of the Auto Express 

magazine, where the basic trim list prices of each model for each year were manually transferred into the dataset. 

 Next, the actual physical characteristics (e.g. performance, efficiency, size), equipment and safety features of 

each vehicle model had to be acquired. Since no single source provides complete information on all possible physical 

characteristics, information from several sources was combined in order to fill gaps in the data and obtain a complete 

data set. A large portion of the data on vehicle physical characteristics was collected from manufacturers’ websites, 

the Auto Express car reviews magazine, and the Parkers online database of vehicle assessments and specifications. 

Since these sources often provided only limited information on high-end and electric vehicles, BBC’s Top Gear car 

magazine and the UK Database of Electric Vehicles respectively are used in these cases to collect the missing data. 

The equipment of each model represents the level of special features and general gear that comes as standard 

on its most basic trim. This can increase the safety of a vehicle (such as ABS6), comfort (e.g. electric windows), or 

provides extra information and entertainment (e.g. display). This information was collected using the Parkers 

database, the Auto Express vehicle specifications magazine, and the Canadian Auto123 website for vehicle reviews. 

 Finally, car safety characteristics represent the safety ratings of various vehicle attributes, as well as the 

presence of critical safety gear (such as airbags). This information is obtained from the European New Car Assessment 

Programme7 (Euro NCAP), which performs independent crash tests of new cars, after which it grants them a safety 

rating of various attributes (e.g. driver safety, child safety, etc.). Euro NCAP also provides information on the presence 

of different safety gear (e.g. airbags, pretensioners) on the most basic trim level of each car, and whether additional 

critical gear can be purchased as an option, or not at all. 

 
6 The anti-lock braking system is an anti-skid safety feature. It prevents the wheels from completely locking up during braking, which allows 

them to maintain tractive contact with the road surface and not go into a skid. 

7 Based in Belgium, it was founded in 1996 for the UK Department for Transport, and is backed by a number of European governments, the 

International Automobile Federation (FIA), as well as the European Union. 
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3.2. Construction of Variables 

 Most of the physical characteristics, equipment and safety attributes collected come directly as numbers, and 

therefore can be readily used as variables. However, several characteristics are not, while others suffer from missing 

data points. These missing values would cause issues in any subsequent regressions, as any observation that has at 

least one missing value is automatically removed from a regression, hence hampering a complete examination of the 

UK vehicle market due to the loss of power and precision. Therefore, these issues must be investigated and solved. 

 Since the functional form has to be semi-logarithmic for the purposes of this paper, natural logarithm of sales 

and prices as dependent variables are constructed from the data on sales and prices. Furthermore, dummy variables 

for each car segment (segment A being the base), manufacturer (Vauxhall being the base), and country of origin (UK 

being the base), are created. Additionally, year dummies are constructed for each year between 2008 and 2018 (2008 

being the base), equal to 1 if a car model was available in the UK car market in a given year, and 0 otherwise. 

 Most physical characteristics of the car models do not require any manipulation, with the exception of engine 

type (e.g. diesel) and whether the car is a CV or an AFV. Dummy variables are created for these (with petrol engine 

and CV category respectively being the base). Next, a horsepower per ton variable is constructed from engine power 

and weight, to consider how much weight the engine has to pull. Furthermore, a size variable is constructed by 

multiplying length, width and height of each model. Since the equipment available for each observation is already 

imputed into the dataset as dummy variables, no extra variables are constructed for vehicle equipment. 

 Finally, a couple of variables have missing values for several observations, and these observations would be 

completely removed from any regression, even though they have useful information about the UK car market for the 

remaining 141 variables. The safety attributes from Euro NCAP suffer frequently from this issue as, for example, a 

two-seater sports car will have missing data for rear airbags, simply because a two-seater doesn’t have any rear 

compartment. Therefore, to take into account the number of seats and avoid missing data, a variable “airbags per seat” 

is constructed, with the same approach for seatbelt pretensioners and loadlimiters. Lastly, the average Euro NCAP 

safety rating and interior noise variables suffered from missing data, and thus the regression imputation method was 

used to complete the missing data. This method uses complete information to impute data, by replacing the missing 

values with predicted scores from a regression equation, and thus completes the dataset in its entirety. 

4. Descriptive Statistics 

 Looking into the dataset descriptive statistics allows for an examination of how the UK car market (and thus 

the CV and AFV models) developed between 2008 and 2018. 
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4.1. Physical Characteristics and EV Attributes 

 Over the last 11 years, there has been a significant increase in the average quality of vehicles in terms of 

physical attributes, especially in terms average car performance and efficiency (as can be seen in figure 1). The 

average engine power increased from 124 bhp to 155 bhp, while the average maximum speed increased from 185 

km/h to 195 km/h, and the time it takes to accelerate from 0 km/h to 100 km/h decreased from 12.13 seconds to 10.51 

seconds. This striking increase in raw power and performance is matched by an equally significant improvements in 

efficiency and positive environmental impact. Average fuel consumption per 100 km decreased from 6.72 liters to 

5.72 liters, and average CO2 emissions decreased from 166 g/km to 136 g/km. Furthermore, even though the average 

vehicle became more powerful while also using less fuel, the average maximum range still saw a noteworthy 

improvement, from 921 km to 988 km. This and other improvements over the 11-year period examined mean that 

there have been large improvements in vehicle quality, as also seen by the steady increase in car prices in figure 1. 

 
Fig. 1 Example of descriptive statistics for physical and EV-specific characteristics, for all cars in the UK market 2008-2018. 

Looking at alternative fuel vehicles, their share of models increased from 1% to 8%. This increase represents 

a large increase of hybrids (~0% to 5%) and full EVs (~0% to 3%). This process of gradual switching to cleaner 

vehicles can also be seen in the development of EV specific physical characteristics in figure 1. Every examined 

characteristic has substantially improved, some in the realms of hundreds of percent. The average charge power has 

increased by 223%, and charge time decreased by 21%. And while average vehicle consumption increased by 45%, 
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average battery capacity increased significantly more (by 539%), increasing the average maximum range. All of this 

reflects the demand for cleaner, less polluting cars with lower effect on global warming and lower carbon footprint. 

4.2. Safety Characteristics 

 Examining the development of safety characteristics in figure 2 shows that vehicles in the UK car market 

experienced solid improvements in safety features. This is apparent from the Euro NCAP ratings – each average rating 

either improved or stayed roughly the same. The mean rating for adult safety increased slightly from 86 to 88, while 

average child safety rose from 74 to 80, and pedestrian safety from 50 to 67. Furthermore, the amount of safety gear 

also experienced a significant increase. While gear such as front driver airbags and pretensioners was already included 

as standard on almost 100% of models in 2008, significant improvements went through for side airbags, and rear 

seatbelt pretensioners and loadlimiters. While in 2008, driver and passenger side airbags for head, chest and pelvis 

were present only on 84%, 78% and 11% of models respectively, this has increased to 95%, 95% and 33% in 2018. 

Furthermore, a significant improvement in safety also went through for the rear seats, with side head airbags being 

offered as standard on 58% of models (increase from 42%). Similarly, rear seatbelt loadlimiters are on 65% of models 

(increase from 48%), portraying an overall improvement in average safety of car models offered in the UK car market. 

 
Fig. 2 Example of descriptive statistics for safety ratings, gear and equipment, for all cars in the UK market 2008-2018. 

4.3. Equipment 

 Overall, the quality of cars has increased substantially over the last 11 years. The average amount of 

equipment fitted as standard increased significantly – every equipment type is fitted to considerably more models as 
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standard in 2018, compared to 2008, as seen in figure 2 above. The largest increases can be seen for traction control 

(from being standard on 67% of models in 2008 to 96% in 2018), hill assist (13% to 41%), display (35% to 76%), 

cruise control (51% to 77%), USB jack (12% to 49%), parking sensors (21% to 50%) and rear view camera (10% to 

41%). Furthermore, equipment that was not standard on almost any model in 2008 also significantly increased. For 

example, while in 2008 forward collision warning and traffic sign recognition was present as standard on only 2% 

and 0% of car models respectively, in 2018 this increased to 14% and 7%. All in all, cars in the UK market experienced 

a vast improvement in quality over the period examined. Their overall performance and efficiency have increased, 

while providing higher levels of safety and significant improvements in equipment and gear fitted as standard. 

5. Methodology 

The methodology used to answer the main research questions will now be described in the following sections. 

5.1. Effect of Different Car Attributes on Price and The Key Vehicle Characteristics Influencing the Sales of AFVs 

5.1.1. Hedonic Pricing 

 Most of the research questions of this paper use and apply the revealed preference hedonic pricing technique, 

formalized by Rosen (1974). The hedonic technique assumes that there exists differentiated, or composite goods (such 

as cars), which are made out of a set of characteristics or attributes, and each characteristic is considered to have its 

own unique (although unobservable) price. The market demand and supply of cars determines each characteristic’s 

marginal contribution to overall price, and hedonic regressions can then be used to find out the value of these 

unobserved prices (de Haan and Diewert, 2013). If we allow Z to represent a car, which is made out of n measurable 

characteristics 𝑧𝑖, such as 𝑍 = (𝑧1, 𝑧2, … , 𝑧𝑛), then the hedonic price function can be defined as: 

𝑃(𝑍) = 𝑃(𝑧1, 𝑧2, … , 𝑧𝑛) (1) 

where 𝑃(𝑍) is the market price of the car. 

These characteristics are objectively measurable (e.g. length, or engine horsepower) and information about them is 

publicly available, however, each consumer is likely to value these characteristics differently. 

Following Andersson (2005), a consumer’s utility function may be expressed as 𝑈(𝑥, 𝑍), where x are all the 

goods consumed, except for the car Z. The standard assumptions of utility functions are applied, such as e.g. strict 

concavity. If we normalize the price of all the goods x to unity (where 𝑥 = 𝑚𝑜𝑛𝑒𝑦), then the consumer’s budget 

constraint is 𝑦 = 𝑥 + 𝑃(𝑍), where y is income. Each consumer maximizes his utility based on the budget constraint, 

and thus “chooses the amount of each characteristic where marginal costs are proportional to the marginal rate of 

substitution between the characteristics and money”: 𝑃𝑧𝑖
=

𝑈𝑧𝑖

𝑈𝑥
 (Andersson, 2005). The amount that a consumer is 
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willing to spend for a car with unique characteristics is defined by 𝜃(𝑍; 𝑦, 𝑢), where 𝑢 = 𝑈(𝑦 − 𝜃, 𝑍). As 𝜃 is the 

willingness to pay, it will be increasing with better characteristics 𝑧𝑖, but at a decreasing rate. When 𝜃 is differentiated 

with respect to the characteristics 𝑧𝑖 as in Rosen (1974), the marginal rate of substitution between the characteristics 

and money is obtained: 𝜃𝑧𝑖
=

𝑈𝑧𝑖

𝑈𝑥
. Since 𝜃 is the price that the consumer is willing to pay for a car Z with specific set 

of characteristics 𝑧𝑖, and 𝑃(𝑍) is the minimum price of the car with such characteristics, utility is maximized when: 

𝜃(𝑍∗; 𝑦, 𝑢∗) = 𝑃(𝑍∗) (2) 

𝜃𝑧𝑖
(𝑍∗; 𝑦, 𝑢∗) = 𝑃𝑧𝑖

(𝑍∗), 𝑖 = 1,2, … , 𝑛 (3) 

where 𝑍∗ and 𝑢∗ are the optimum quantities. 

This means that the consumer consumes at a point 

where the price he is willing to pay for an amount of 

characteristic 𝑧𝑖 is exactly equal to its market 

(minimum) price (i.e. point of tangency). An example 

of this equilibrium for characteristic 𝑧1 can be seen in 

figure 3 (but the same applies also for all other 

characteristics 𝑧2, 𝑧3, … , 𝑧𝑛). The problem on the 

producer side is symmetric to the described consumer side. 

5.1.2. Functional Form 

 Before we run any regressions and find out the effect of different vehicle attributes on vehicle price, the 

functional form of the econometric hedonic model has to be decided. The theory doesn’t explicitly favor any one 

functional form over the other, and generally concludes that decisions should be made empirically, on a case-by-case 

basis by the researcher (Andersson, 2005; Reis and Santos Silva, 2006). Empirically, researchers have explored and 

applied a wide range of different functional forms, however, the three best known hedonic specifications are the fully 

linear, the semi-logarithmic and the fully logarithmic model. To make a final decision, I follow Schamel and Anderson 

(2003), and Reis and Santos Silva (2006), and apply the heteroskedasticity robust RESET8 test to the three functional 

forms. The results (in Appendix A) showed that the semi-logarithmic model (e.g. ln 𝑃𝑗 = 𝛽0 + ∑ 𝛽𝑖𝑧𝑗,𝑖
𝐼
𝑖=1 + 𝜖𝑗) is the 

most appropriate, with lowest levels of heteroskedasticity and omitted variable bias. This result is well supported by 

the literature, as hedonic pricing models in the semi-logarithmic functional form are often used by economists and 

 
8 The Ramsey Regression Equation Specification Error Test (RESET) is a general model specification test. It has power against several 

alternatives and is robust to both non-normality and heteroskedasticity (Reis and Santos Silva, 2006). 

Fig. 3 Equilibrium of the consumer side for 𝑧1 – two 

consumers with different willingness to pay (Rosen, 1974). 



14 

 

are well justified from the econometric point of view (e.g. Griliches, 1961; Andersson, 2005). Moreover, for high-

tech goods, the semi-logarithmic functional form is usually the most appropriate, as it has the highest chance to reduce 

heteroskedasticity (since prices are usually distributed log-normally) (Diewert, 2003). 

5.1.3. Adaptive Lasso 

 Before running any regressions, there is an issue of too many characteristics present. There are altogether 142 

variables available for regression and such large number of variables can lead to a number of problems, such as 

multicollinearity, parameter estimation issues and thus subsequent problems in interpretation, or overfitting (He et 

al., 2012). Especially multicollinearity between various vehicle characteristics is a well-known issue in hedonic 

regressions (de Haan and Diewert, 2013; Alberini et al., 2014). Therefore, to improve the estimation with such large 

number of variables, it is important to only include those that are important and relevant on economic grounds and 

that do not suffer from high levels of multicollinearity. Thus, I apply the adaptive least absolute shrinkage and 

selection operator (adaptive Lasso) methodology before every regression run, and for each research question. 

 The adaptive Lasso is an econometric regularization9 method that is used to prevent multicollinearity and for 

variable selection. When the problem of too many variables arises, adaptive Lasso can be used to find out which 

variables are relevant. The method works in such a way that those variables that are irrelevant are shrunk exactly to 

zero, while the important ones aren’t. These selected variables can be used further in the regressions, while the ones 

shrunk to zero can be concluded to be unimportant. Taking an OLS model, the adaptive Lasso estimator is: 

�̂�𝑛
𝐴𝐿 = arg min

𝛽
∑(𝑦𝑗 − 𝑥𝑗𝛽)

2
𝑛

𝑗=1

+ 𝜆𝑛 ∑ 𝜆𝑛,𝑖|𝛽𝑖|

𝐼

𝑖=1

(4) 

where 𝑦𝑗 is the dependent variable, 𝑥𝑗 = (𝑥𝑗,1, 𝑥𝑗,2, … , 𝑥𝑗,𝐼)′ is the vector of independent variables, 𝜆𝑛 > 0 is the 

tuning parameter, 𝜆𝑛,𝑖 =
1

(|�̂�𝑛,𝑖|)
𝛾  is the adaptive weights vector, �̂�𝑛,𝑖 is an initial estimate of the coefficients, 𝛾 is a 

positive constant for adjustment of the adaptive weights vector, set between 
1

3
 and 

10

3
, 𝛽𝑖 are the estimated coefficients. 

The most important parameter of equation (4) is the tuning parameter 𝜆𝑛. This chosen parameter determines the level 

of penalization applied to coefficients – i.e. the boundary relevance above which the coefficient is not shrunk to zero. 

The adaptive weights vector 𝜆𝑛,𝑖 adjusts the regularization and applies stronger penalization to smaller coefficients. 

This is one of the reasons why the adaptive Lasso is a superior method compared to the ordinary Lasso. Additionally, 

the adaptive Lasso method has the oracle properties10, and is much less sensitive to the choice of the tuning parameter 

 
9 The process of regularization introduces additional information, in order to prevent the problem of overfitting. 
10 Oracle properties state that a procedure must identify a right subset of true variables, and it has to have optimal estimation rate. 
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𝜆𝑛. Further methods, such as the variance inflation factor (VIF) analysis, were also run to ensure that multicollinearity 

is reduced as much as possible, without the risk of significant omitted variable bias. 

5.1.4. Ordinary and Weighted Least Squares Regressions 

 The goal of my first research question is to determine the relationship of various vehicle characteristics with 

vehicle price, and in a hedonic pricing model, estimation of regression coefficients is usually done using the ordinary 

least squares (OLS) (Czembrowski and Kronenberg, 2016). As the classical OLS regression is often used as a starting 

point, I start with estimating an OLS regression for the entire UK car market and the entire period, using the optimal 

semi-logarithmic functional form found above. The OLS regression takes the form of: 

ln 𝑃𝑗 = 𝛽0 + ∑ 𝛽𝑡𝑑𝑗,𝑡

𝑇

𝑡=1

+ ∑ 𝛽𝑖𝑧𝑗,𝑖

𝐼

𝑖=1

+ 𝜖𝑗, 𝑗 = 1,2, … , 𝑛 (5) 

𝑃𝑗 is the market price of car model j, 𝑑𝑗,𝑡 is a dummy variable equal to 1 if car 𝑗 was in the market in year 𝑡, 𝑧𝑗,𝑖 is the 

value of characteristic 𝑖 for car 𝑗, 𝛽𝑡 is the coefficient for time dummy 𝑡, 𝛽𝑖 is the coefficient for characteristic 𝑖, 𝜖𝑗 is 

the error term, 𝑇 is the number of time periods, 𝐼 is the number of vehicle characteristics, 𝑛 is the number of cars. 

Therefore, this allows for finding out the effect of various vehicle characteristics on vehicle price, while controlling 

for changes in time. However, as OLS typically suffers from extensive heteroskedasticity of the error term (as found 

using the Breusch-Pagan and the White tests), the regression was recalculated using the heteroskedasticity-robust 

standard errors. A similar method was used for further research questions; but when finding how the effect of vehicle 

characteristics on car prices differs between CVs and AFVs, the dataset was divided into CV and AFV sub datasets. 

Furthermore, when pinpointing the most important car characteristics for AFV consumers, the OLS model is: 

ln 𝑆𝑎 = 𝛽0 + ∑ 𝛽𝑡𝑑𝑎,𝑡

𝑇

𝑡=1

+ ∑ 𝛽𝑖𝑧𝑎,𝑖

𝐼

𝑖=1

+ ∑ 𝛽𝑒𝑥𝑎,𝑒

𝐸

𝑒=1

+ 𝜖𝑎, 𝑎 = 1,2, … , 𝐴 (6) 

𝑆𝑎 is the no. of sales of AFV model 𝑎, 𝑑𝑎,𝑡 is a dummy variable equal to 1 if AFV 𝑎 was in the market in the year 𝑡, 

𝑧𝑎,𝑖 is the value of vehicle characteristic 𝑖 for AFV 𝑎, 𝑥𝑎,𝑒 is the value of electric vehicle characteristic 𝑒 for AFV 𝑎. 

A similar question aiming to find the key vehicle characteristics that influence the sales of alternative fuel vehicles 

was examined in previous papers using stated preference data. One of the goals of this study is to see whether previous 

conclusions hold using the constructed revealed preference dataset for the UK car market. 

 Although the OLS regression is a useful starting point, it cannot be considered optimal as it values each 

observation equally. In reality, different cars have different sales, market share and consumer popularity. To account 

for this, each observation should be weighted by its relative importance in the market (optimally its sales, or market 
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share). This is usually achieved by applying the weighted least squares (WLS) regression, as proposed by Griliches 

(1961). Its use is also frequently recommended in the presence of heteroskedasticity, as it will lead to consistent, more 

efficient estimates (Machado and Santos Silva, 2001). Most frequently used form of weights is the car market share 

(e.g. Murray and Sarantis, 1999; Crawford and Neary, 2019). Therefore, the WLS regression is applied to research 

questions 1 and 2 in addition to the OLS, using the market share of each car model as weights. The WLS estimator is 

�̂�𝑊𝐿𝑆 = (𝑿′𝑾𝑿)−1𝑿′𝑾𝒀, where 𝑾 is a matrix with weights 𝑤𝑖 on the diagonal and zeroes everywhere else. 

5.1.5. Quantile Regression 

 Although that the WLS regression has many advantages over the OLS, it cannot account for the fact that 

vehicle characteristics may be valued differently and have a different effect at different points of the car price 

distribution. The implicit/hedonic prices of vehicle characteristics at high car prices (upper quantiles11) may be 

affected by the high willingness to pay of the rich consumers. Liao and Wang (2011) call this the quantile effects. As 

the OLS and WLS regressions would not provide any useful information on this phenomenon, a quantile regression 

is applied in order to get a more complete picture about the effect of various vehicle characteristics on car prices. 

 The quantile regression was formalized by Koenker and Bassett in their 1978 seminal paper. Quantile 

regression allows the estimated coefficients to vary with the quantile chosen, and therefore it represents a perfect tool 

to employ when quantile effects are present. Additionally, quantile regression benefits from higher robustness to 

outliers and non-normal errors, and is semiparametric. A standard quantile regression estimator can be defined as: 

�̂�𝑞 = arg  min
𝛽𝑞∈ℝ

∑ 𝜌𝑞(𝑦𝑗 − 𝑥𝑗
′𝛽𝑞)

𝑛

𝑗=1

(7) 

where �̂�𝑞 is the vector of coefficient estimates, 𝑞 is the quantile that is going to be estimated, with 𝑞 ∈ (0,1), 𝑛 is the 

number of observations, 𝜌𝑞 is the loss function, given by 𝜌𝑞(𝑢) = 𝑢(𝑞 − 𝐼(𝑢 < 0)) = {  
𝑢(𝑞 − 1),       𝑢 < 0;
𝑢𝑞,                   𝑢 ≥ 0.

 

It can be argued that a similar effect to the quantile regression can be achieved by dividing the dependent 

variable (car prices) into subsamples according to the unconditional distribution, and then applying a standard OLS 

regression. However, this approach should be avoided in favor of the quantile regression (which employs the full data 

sample), since truncation of the dependent variable can create biased parameter estimates (Heckman, 1979). 

As noted by Machado and Santos Silva (2013), the estimation of quantile regression standard errors may be 

problematic due to the presence of heteroskedasticity, and I thus employ the MSS quantile regression 

 
11 Quantiles are cut-off points that divide a distribution into continuous intervals, e.g. quartiles creating 4 parts (25%). 
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heteroskedasticity test proposed by Machado and Santos Silva (2000). This is computed as 𝑛 times the 𝑅2 of the 

auxiliary regression of 𝜌𝑞 (�̂�𝑖𝑞
) on a constant and the functions of 𝑥. The test then compares the statistic to the critical 

value from the 𝜒(𝐽−1)
2  distribution. As heteroskedasticity was found, the model is re-estimated using the pairs bootstrap 

standard errors, as suggested by Buchinsky (1995), to correct for this. Therefore, quantile regressions are applied to 

equation (5) at quantiles 0.1, 0.25, 0.5, 0.75 and 0.9, using the bootstrapped standard errors with 3000 replications. 

5.1.6. Weighted and Penalized Weighted Quantile Regressions 

 Similarly to the OLS regression, quantile regressions give equal weight to each observation. As discussed 

before, this is not optimal, and thus a weighted quantile regression, proposed by Huang et al. (2015), is employed. By 

adding market share weights into the quantile regression, the data on the sample can be used more effectively and 

therefore, the resulting estimates are more robust, reliable and efficient (Xiong and Tian, 2019). Since I am applying 

the adaptive Lasso methodology before every regression (as discussed in section 5.1.3.), and the variable selection is 

thus performed using a penalization approach, the weighted quantile regressions employed are in fact penalized 

weighted quantile regressions (Xiong and Tian, 2019). If we define 𝜆𝑞 to be a tuning parameter for quantile 𝑞, and 

𝜆𝑞,𝑖 to be the adaptive weights vector, then the penalized weighted quantile regression estimate can be defined as: 

�̂�𝑞𝑝𝑤
= arg  min

𝛽𝑞∈ℝ
∑ 𝑤𝑗(𝑥𝑗 , 𝑞)𝜌𝑞(𝑦𝑗 − 𝑥𝑗

′𝛽𝑞)

𝑛

𝑗=1

+ 𝜆𝑞 ∑ 𝜆𝑞,𝑖|𝛽𝑖|

𝐼

𝑖=1

(8) 

The weights 𝑤𝑗(𝑥𝑗, 𝑞) are the market share of each car model in the UK car market. Similarly to the ordinary quantile 

regressions, the penalized weighted quantile regressions are estimated for quantiles 0.1, 0.25, 0.5, 0.75 and 0.9. 

5.2. Hedonic Price Indices of the UK Car Market 

 The final research question to be covered aims at creating quality constant hedonic price indices for the UK 

car market, including the hedonic Laspeyres, Paasche, and Fisher price indices. The application of hedonic pricing 

regressions to calculate hedonic price indices came into interest again with the report by Boskin et al. (1996). The 

authors pointed out that the correct evaluation of the current economic situation through accurate price indices is 

critical for many policy decisions. Feldstein (2017) argues that inaccurate price indices cause overestimation of the 

inflation rate, and consequently an underestimation of living standards and aggregate output. As hedonic regressions 

relate variation in prices across goods and over time to differences in goods’ characteristics, they can be used to 

construct price indices that control for changes in these characteristics (i.e. changes in quality), as well as for car 

models entering and exiting the market. Typically, one of two ways is used when constructing hedonic price indices 

using hedonic regressions – the dummy variable method, and the imputation method. 
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5.2.1. The Dummy Variable Method 

 The better known and more traditional quality-constant hedonic price index is the dummy variable (DV) price 

index. The method uses a classic hedonic regression approach, regressing vehicle prices on all vehicle characteristics 

and time dummy variables for each year. The price indices are then calculated using the coefficients of the time 

dummy variables for each period (Aizcorbe, 2014). However, the method suffers from several issues and probably 

the biggest one is that the hedonic coefficients stay the same over time (Pakes, 2003). As the characteristics of 

products, or the distribution of consumer preferences can change over time, so would the characteristics’ coefficients. 

This change of coefficients over time is not accounted for by this method, since it pools over time periods. 

5.2.2. The Imputation Method 

 The method that overcomes this problem is the imputation method, which runs separate regressions for each 

time period, in order to be less restrictive and allow for a change in coefficients over time (Aizcorbe, 2014). Since the 

aim of quality-constant hedonic price indices is to solve the issue of missing car models (i.e. models entering and 

exiting the market during the period analyzed), in the imputation method, a price index formula is chosen (e.g. 

Laspeyres price index) and a weighted hedonic price regression is then used to estimate (impute) the predicted values 

for the missing prices in each year. There are 3 different ways of constructing hedonic price indices using the 

imputation method – the single imputation method, the double imputation method, and the full imputation method.  

Each of the 3 imputation methods replaces the missing (unobserved) prices of the missing car models with 

predicted prices from a weighted hedonic pricing regression, while some imputation methods also replace observed 

prices. The single imputation method is the simplest case of imputation. The method uses all of the prices that are 

directly observed in the dataset, and use the hedonic pricing regressions to impute all the missing prices. This method 

however suffers from the issue of introducing variance to the price index, as the price relative includes a mix of actual 

and predicted prices (Pakes, 2003; Triplett, 2006). In the case where the residuals contain omitted variables, the 

observed prices will contain the influence of these omitted variables, while the imputed prices will not. The double 

imputation method predicts (imputes) both the observed and unobserved prices for the disappearing models, and only 

includes actual prices for models that stayed in the market in both periods. This is considered a better approach than 

the single imputation method (Aizcorbe, 2014). The full imputation method replaces all observed and unobserved 

prices of all vehicle models with predicted prices from the hedonic regressions. This method is not usually 

recommended, as it replaces all actual prices with predicted prices from the hedonic regressions, and thus removes a 
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significant amount of information (Aizcorbe, 2014). Therefore, considering everything, the double imputation method 

was chosen as the preferred approach for constructing the hedonic price indices. Taking Laspeyres as an example: 

𝐻𝑒𝑑𝑜𝑛𝑖𝑐 𝐿𝑎𝑠𝑝𝑒𝑦𝑟𝑒𝑠 𝑃𝑟𝑖𝑐𝑒 𝐼𝑛𝑑𝑒𝑥 = ∑ ∑ (
(𝑃𝑠,𝑡𝑚

∗ 𝑄𝑠,𝑡0
) + (�̂�𝑑,𝑡𝑚

(𝑧𝑑,𝑡0
) ∗ 𝑄𝑑,𝑡0

)

(𝑃𝑠,𝑡0
∗ 𝑄𝑠,𝑡0

) + (�̂�𝑑,𝑡0
(𝑧𝑑,𝑡0

) ∗ 𝑄𝑑,𝑡0
)

)

𝐷

𝑑=1

𝑆

𝑠=1

∗ 100 (9) 

where 𝑆 is the no. of car models 𝑠 that stayed between period 𝑡0 and 𝑡𝑚, 𝐷 is the no. of car models 𝑑 that disappeared 

between period 𝑡0 and 𝑡𝑚, 𝑃 are car prices, 𝑄 are the sales, �̂� are the predicted prices, 𝑧 are the car characteristics. 

The hedonic price indices constructed include the quality-constant hedonic Laspeyres, Paasche and Fisher 

indices (as it adjusts for the bias found when using Laspeyres or Paasche indices (Feenstra, 1988)), and standard price 

indices for comparison. Since the optimal functional form of the weighted hedonic regressions is, once again, semi-

logarithmic, each predicted price coefficient must be converted back from its logged measure. This conversion 

involves a bias adjustment as “even if the coefficients are unbiased estimates of the logged indices, taking the exponent 

of the coefficients does not give unbiased estimates of the indices” (Aizcorbe, 2014). Thus, I apply and adjustment of 

Wooldridge (2009) that doesn’t rely on normality of residuals: 
1

𝑛
∑ exp(𝜖𝑖,𝑡𝑚

). The numerical importance of the bias 

adjustment is not agreed on by researchers. Triplett (2006) argued that it is likely small, while Pakes (2003) discovered 

that in his dataset, the bias adjustment was very large, at about 20%. Applying the Wooldridge (2009) method, the 

bias adjustment in this paper was found to be moderate, at around 4%. 

6. Results 

6.1. Effect of Different Vehicle Attributes on Vehicle Price – Results 

6.1.1. OLS and WLS 

Results of the OLS regression are used as a comparison for the main regression of interest – the WLS. Since 

the dependent variable (price) of both regressions is in the logarithmic form, each coefficient estimated represents the 

percentage change in the dependent variable after a 1-unit change in the independent variable. To get an accurate 

percentage change, I use the standard transformation for semi-logarithmic models, �̅�𝑖 = 𝑒�̂�𝑖 − 1. As expected, 

applying market share weights (WLS) leads to more intuitive, better results, and thus those will be primarily 

examined12. 

The arguably most interesting category of vehicle attributes is the vehicle physical characteristics. However, 

while many of the coefficients of the results in figure 4 are for dummy variables, the coefficients on physical 

 
12 The OLS and WLS regressions also included time dummies, car segments and country of origin dummies as control variables. 
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characteristics aren’t. The coefficient of a dummy variable 

can by easily interpreted and compared to other coefficients, 

as they are all in the same units (e.g. presence of a display 

increases car price by 3.66%). Physical characteristics 

variables are however in different units, and thus cannot be 

directly compared – i.e. is an increase of displacement by 1 

dm3 a lot or not (and thus is the effect on price large or not)? 

Therefore, to overcome this problem, and allow for a 

comparison between the effects of various variables, I 

calculate the scaled effect of each variable, which measures 

the effect of a 10% increase from the weighted average of a 

characteristic variable (as shown in figure 5). 

When comparing different engine types, the diesel 

engine is on average cheaper compared to petrol, reducing the 

price of a car by 3.05%. On the other hand, if consumers want 

to buy an AFV, the price of the car would be almost 13% 

higher. Looking at the scaled effects of car characteristics in 

figure 5, the largest effect on price comes from curb 

weight, where a 10% increase from weighted average 

increases car price by almost 5%. In general, larger, 

and thus heavier cars display a much larger market 

price tag compared to smaller vehicles. Other 

characteristics that significantly increase car market 

prices include vehicle performance (maximum speed 

by 3.87% and engine power by 1.71%), safety ratings 

(by 1.71%), range (by 1.61%) and interior noise (by 

1.41%). The strong positive effect of vehicle 

performance is connected to the positive effect of CO2 

emissions, as more powerful cars tend to have higher 

Fig. 4 Selected results of the robust OLS and WLS 

regressions for finding the effect of vehicle attributes on 

price. Notes: ***significant at 1%, **significant at 5%, 

*significant at 10%, †significant at 15%. 

Fig. 5 The scaled effect of car characteristics on vehicle price. 

Note: red variables are insignificant in WLS. 
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emissions, and therefore display a higher price. Much smaller effects on price of below 1% can be seen for 

acceleration, trunk capacity, airbags per seat and number of speakers. Lastly, we can see an unexpected negative 

effect for loadlimiters and pretensioners, however, this non intuitive effect is very small, where a 10% increase from 

weighted average would reduce the car price by a negligible 0.2%. 

As expected, presence of extra equipment as standard increases the overall price of a vehicle. The equipment 

that is found to increase car prices the most is automatic air conditioning (by 7.59%), fully electric mirrors (by 6.31%), 

and automatic wipers (by 5.57%). Other significant equipment includes the rear-view camera (3.89%), display 

(3.66%), traction control (2.1%), and, marginally, the number of speakers (0.47% for an extra speaker). Several 

equipment features display a non-intuitive negative effect; however, the magnitude and significance are very low. 

Furthermore, advanced equipment, such as traffic sign recognition, is found to be insignificant, likely because this 

equipment is rarely added as standard, leading to a high variation in the effect on price and thus inconclusive results. 

6.1.2. Quantile and Weighted Quantile Regressions 

The bootstrapped quantile and penalized weighted quantile regression were run to examine how the effect of 

vehicle characteristics changes at different points of the car price distribution. The weighted quantile regression 

(figure 613) in general shows better results (as expected from the literature review), and thus will be the one examined. 

Looking at the results for the physical characteristics, there are a few interesting findings in the quantiles 

examined. We can see that higher performance (engine displacement and power) increases the market price 

significantly more so for more expensive vehicles. Higher displacement values do not have any significant effect on 

cheaper cars, but at the 75th and 90th percentile, an increase in engine displacement by 1 dm3 increases the car price 

by 6.26% and 11.19% respectively. The same is true for the increasingly positive effect of engine power on car price. 

The most likely reason for this larger effect of performance for more expensive cars, is that richer consumers put 

greater importance to vehicle performance, while buyers of cheap vehicles rather look at other factors, such as e.g. 

utility, or low running costs. Similarly, the effect of vehicle maximum range gets stronger as we go up the quantiles. 

At the 10th quantile, an increase in range of 100 km doesn’t affect the price, while at the 25th quantile the effect is 

1.54%, and at 75th it is almost 4%. This means that richer consumers are willing to pay an increasingly higher price 

for greater range, but only up to a point, as at the 90th quantile, the price increase drops to only 1.75%. Rich buyers 

thus value this characteristic significantly less, likely valuing other characteristics, such as performance, more. Lastly, 

 
13 The bootstrapped quantile and penalized weighted quantile regressions also included time dummies, car segments and country of origin 

dummies as control variables. 



22 

 

an interesting quantile effects can be seen for trunk capacity. As the trunk capacity characteristic represents a utility 

attribute of a vehicle, and it would be expected to have the highest effect on car prices for the cheapest vehicles, which 

is exactly what is found. The increase in car price for a 10 liter increase in trunk capacity is the largest at the 10th and 

25th percentiles (0.21% and 0.19%), while for more expensive cars this effect is reduced and stable, at around 0.14%. 

 
Fig. 6 Selected results of weighted penalized quantile regression, for finding the effect of vehicle attributes at different points of 

the car price distribution. Notes: ***significant at 1%, **significant at 5%, *significant at 10%, †significant at 15%. 

 Safety characteristics display two opposing effects – the effect of safety ratings decreases, while the effect of 

airbags per seat increases. At the 10th quantile, an increase of safety ratings by 10 points and an extra airbag increases 

car prices by 3.05% and 2.75% respectively, while at 75th quantile, this is 2.02% and 6.04%. This could mean buyers 

of cheap vehicles are willing to pay more for higher safety ratings compared to features such as airbags, while buyers 

of more expensive vehicles put less importance on ratings and rather expect greater amount of tangible safety features. 

 Examining the equipment, the size of the coefficients and their significance gradually decreases as we move 

up the quantiles. While at the 10th percentile, there are 11 equipment features of at least a 5% significance, at the 

median there are 9, and at the 90th percentile only 4. This means that equipment in general has the largest effect on 

vehicle price in the cheapest cars, and this effect decreases as cars become more expensive. An explanation for this 

can be the fact that at very high price levels, the price of additional equipment is negligible in relation to the overall 
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price of the vehicle. Additionally, a lot of rich buyers likely put much greater value on intangible characteristics, such 

as vehicle style, or the social status the car represents. An example of this are the automatic wipers. At the 10th 

percentile, automatic wipers increase price by 5.63% on average, and the result is significant at a 1% level. However, 

this reduces as we go up the quantiles, and at the 90th this is only 2.71%, and significant only at a 15% level. 

6.2. Effect of Different Vehicle Attributes on Car Price (CVs vs. AFVs) – Results 

The second research question aimed to examine how the influence of different vehicle attributes on car prices 

differs between CVs and AFVs. As in section 6.1.1., the main regression of interest is the WLS, and this can be seen 

in figure 714, along with the heteroskedasticity-robust OLS regression for comparison. 

 Looking at the vehicle physical characteristics, improvements in AFV performance (engine power, maximum 

speed, acceleration) influence the car market price much more strongly than improvements to CVs. An increase of 10 

bhp and 10km/h in a CV increases the car price by 2.02% and 1.92% respectively, while in an AFV, this increase is 

much higher at 5.65% and 4.81%. For acceleration, this effect is even more pronounced. A decrease of acceleration 

time to 100 km/h by 1 second doesn’t have a significant effect on the CV price, but increases AFV price by 6.19%. 

This suggests that improving performance attributes of AFVs is more complicated and expensive for the 

manufacturers compared to the CVs, 

which results in AFVs being significantly 

more expensive than CVs for comparable 

physical characteristics. Furthermore, as 

AFVs represent cleaner, environmentally 

friendly transportation, reduction in CO2 

emissions by 10 g/km is connected to a 

further premium of 1.61% paid on AFVs. 

The most surprising effect involves 

maximum range, where greater range 

reduces the price. Although unexpected, 

this result can be explained by the 

inclusion of hybrid vehicles into the 

 
14 The OLS and WLS regressions also included time dummies, car segments and country of origin dummies as control variables. Several 

variables had to be removed for the AFV dataset, due to AFV irrelevance (e.g. displacement) and multicollinearity issues. 

Fig. 7 Results of the robust OLS and WLS regressions for comparing the effect 

of vehicle attributes on the price of CVs and AFVs. Notes: ***significant at 

1%, **significant at 5%, *significant at 10%, †significant at 15%. 
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examined AFV sub dataset. Hybrids have greater range than electric or hydrogen cars, and a lower price. This would 

cause a negative relationship of price and range, where cheaper hybrids have greater range compared to EVs. 

 The situation with equipment is similar to the physical characteristics – more equipment generally increases 

the car price much more, if the car is an AFV. This effect is the strongest for the rear-view camera – its presence as 

standard increases the CV price by 3.3%, but on an AFV, this increase skyrockets to 45.75%. Similar difference can 

be seen for automatic lights (no effect on CV price vs. 20.6% increase for an AFV), the infotainment display (3.38% 

vs. 10.62%), the deflation warning system (1.26% vs. 10.02%) and the number of speakers (0.46% vs. a 4.45%). This 

phenomenon once again portrays the situation where AFV manufacturers claim a higher premium for extra 

characteristics and features, compared to the same ones on a CV, resulting in a higher final price. 

6.3. Hedonic Price Indices of the UK Car Market – Results 

The third research question aims at constructing quality constant hedonic price indices for the UK car market. 

For this reason, the hedonic Laspeyres, Paasche and Fisher price indices have been constructed, along with, several 

standard price indices for comparison. The results of all the price indices (2008 = 100) can be seen below in figure 8. 

The most basic price indices calculated are the average and weighted average price indices. These simply 

follow the development of the average car price, with the difference that the weighted index weights each vehicle by 

its market share, giving a better approximation of the situation in the market, and suggesting a price increase of 

42.34% between 2008 and 2018. However, it suffers from the flaw of being as much a price index as a quantity index. 

 
Fig. 8 The price indices calculated for the UK car market between 2008 and 2018, where the year 2008 is the base (100). 

 The Laspeyres and Paasche price indices solve this issue. As seen in figure 8, both indices show similar 

results, where the difference comes from the fact that Laspeyres slightly overstates the inflation, and the Paasche 

slightly understates it. Therefore, the Fisher price index is calculated as the optimal, geometric mean between the 

Laspeyres and Paasche. The Fisher index indicates that the price level increase in the UK car market in 2008-2018 

was 34.09%, or 2.98% annually. However, these indices suffer from an important problem of not accounting for 

quality change – i.e. for disappearing and newly entering car models. Therefore, the quality constant hedonic 

Laspeyres, Paasche and Fisher price indices were constructed, in order to get accurate price index estimations. 
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 Hedonic price indices apply the discussed double imputation method in order estimate price changes for all 

vehicle models. Thus, hedonic price indices are quality constant, and show the closest estimation to the real evolution 

of the pure prices in the UK car market – how much of the price increase was due to quality change, and how much 

due to other factors. As above, hedonic Fisher price index is the geometric mean between Laspeyres and Paasche, and 

thus represents the optimal hedonic price index calculated. According to the hedonic Fisher price index, the car price 

level increased by 10.92% in 2008-2018, or 1.04% annually. Such result is relatively comparable, albeit lower, to the 

UK car market (1977-1991) results of Murray and Sarantis (1999), at 1.7% annually. The 1.04% growth is in stark 

contrast to the weighted price index results, which exhibit annual growth of 3.59%. This suggests that about 70% of 

the price increase in UK passenger cars in 2008-2018 was caused by improvements in car quality – i.e. quality 

improvements were responsible for a price increase of 2.55% per year. As there have been extensive improvements 

in overall vehicle quality in terms of physical characteristics, safety, and the amount of equipment, the discovery that 

quality improvements drive the car price growth is in fact not surprising. 

6.4. The Key Vehicle Characteristics Influencing the Sales of AFVs – Results 

The last research question aims to find the key characteristics and features that influence sales of AFVs (i.e. 

which attributes are the most important for AFV consumers). This was explored in the literature before, but only using 

stated preference data, typically concluding that performance, range, environmental friendliness and price are the 

most important (e.g. Ewing and Sarigöllü (2000), Larson et al. (2014)). Thus, the goal of this research question is to 

check whether these conclusions hold when applied to revealed preference data and whether the findings of stated 

preference AFV studies can be relied upon. Therefore, a robust OLS regression is applied on a sub dataset of AFVs, 

with ln 𝑆𝑎𝑙𝑒𝑠 as the dependent variable, and car characteristics and features as independent variables. 

The results of the robust OLS regression in figure 9 show several interesting findings in terms of the 

characteristics that affect AFV sales the most in the UK car market (2014-2018). For example, presence of most of 

the equipment as standard, such as automatic air conditioning, rear view camera or number of speakers, 

understandably significantly increases vehicle sales. However, most characteristics suffer from a similar deficiency 

as the results in section 6.1.1. – the effects cannot be directly compared in terms of magnitude. We see that 1 bhp 

increase in engine power increases sales by 8.44%, but is 1 bhp change large or not? Is it larger, smaller or comparable 

to a 100 dm3 increase in vehicle size? Thus, to remove this problem of comparison, the scaled effects were calculated 

as in section 6.1.1.. These scaled effects for a 1% increase from each characteristic’s weighted average can be seen in 

figure 10, allowing for the identification of characteristics that have the largest effect on AFV sales. 
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Looking at figure 10, we can see that the characteristics with the 

largest effect on sales are performance (in the form if engine power), 

comfort (vehicle size), environmental friendliness (CO2 emissions), and 

maximum range. An increase of 1% from the weighted average of 

performance increases AFV sales by 14.11%. This finding is supported by 

the results for interior noise, likely caused by the fact that higher 

performance vehicles are generally noisier. Furthermore in terms of 

magnitude, an improvement of 1% from the weighted average of 

size/comfort increases AFV sales by 9.86%, a reduction of CO2 emissions 

(i.e. cleaner AFVs) cause an increase of 7.36%, and an increase of 

maximum range increases AFV sales by 6.72%. On the other hand, vehicle 

price in this case is found with a smaller effect – a decrease in sales of 

2.63% for a 1% increase in price from the weighted average. In a nutshell, 

the most important AFV characteristics are performance, maximum range, 

environmental friendliness and size/comfort. Thus, the 

revealed preference data of the UK car market (2014-2018) 

supports the findings of the stated preferences past literature, 

reaching similar conclusions in general. This suggests that 

using stated preference AFV data can provide a solid 

approximation to the real situation in the car market, which 

is especially useful when actual market data is not available. 

7. Conclusions 

 The main objective of my study was to provide a 

direct insight into the UK car market, focusing on the effect 

of various car characteristics on prices and sales. The main 

goals of my empirical paper were: identifying which 

characteristics and equipment influence prices the most, 

exploring how this influence varies between CVs and AFVs, 

constructing quality constant hedonic price indices, and 

Fig. 9 Results of the robust OLS regression 

for finding the effect of car characteristics 

on sales. Notes: ***significant at 1%, 

**significant at 5%, *significant at 10%, 

†significant at 15%. 

Fig. 10 The scaled effect of car characteristics on AFV 

sales. Note: red variables are insignificant in OLS. 
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identifying key vehicle attributes that influence AFV sales. To fulfill these goals, I constructed an extensive and novel 

dataset for the UK car market in 2008-2018. A hedonic pricing model is then created, applying the adaptive Lasso, 

OLS, WLS, quantile, and penalized weighted quantile regressions, along a range of robustness tests and corrections, 

such as variance inflation factor analysis, omitted variable and heteroskedasticity tests, and functional form tests. 

 The key vehicle characteristics that influence the car prices in the UK car market were identified as 

size/weight, performance (speed and engine power), safety ratings, and maximum vehicle range. The effect of 

performance, safety, and range on price is found to be stronger for the more expensive vehicles. Furthermore, the 

presence of automatic air conditioning, fully electric mirrors, automatic windscreen wipers, rear-view camera, and 

display increases prices the most, but the effects get weaker as the price of the vehicle increases. Therefore, especially 

manufacturers of cheaper vehicles should focus on improving these characteristics and equipment features, in order 

to reduce their prices and become more competitive in the UK car market. Manufacturers and car dealers of the more 

expensive vehicles should also note that vehicle performance is the strongest factor affecting the price of higher-end 

cars, and this effect gets stronger the more expensive the car is. 

Examination of how these results differ between CVs and AFVs shows that improvements in vehicle 

performance (engine power, speed and acceleration) affect the AFV price significantly more than the CV price. 

Therefore, to reduce AFV prices and increase competitiveness, manufacturers should focus their R&D on making 

improvements to performance cheaper. Furthermore, AFV consumers pay an extra premium when they buy a cleaner 

AFV, while having extra equipment on a vehicle generally increases the AFV price significantly more than the CV 

price. This difference between equipment costs is the strongest for the rear view camera and the infotainment display. 

Analysis of the hedonic Fisher price index shows that the majority of the rise in the UK car market price level 

can be explained by a rise in quality. The results suggest that improvements in the overall quality of vehicles are 

responsible for car prices growing annually by about 2.55%. Therefore, about 70% of the observed increase in car 

prices between 2008 and 2018 in the UK car market was caused by improvements in vehicle quality. 

Lastly, it is found that AFV consumers value performance, maximum range, environmental friendliness, and 

size/comfort the most. Therefore, it is advisable that manufacturers further focus their R&D on improvements in 

performance and vehicle range, such as improvements to batteries. Since consumers also put value on greater positive 

effect on the environment, advertising and marketing should target and promote cleaner AFVs, in order to encourage 

higher general AFV sales. Furthermore, the results also support the use of stated preference AFV data when market 

data is not available, as it is found to provide a good approximation to the situation in the market. 
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The results acquired can offer useful information to various parties. For example, the characteristics that 

influence vehicle prices are of interest to car dealers and manufacturers, who aim to optimize their pricing strategies 

and offer competitive prices, while increasing their sales in the UK. Furthermore, quality constant hedonic price 

indices are at the focus of many researchers, as noted by Reis and Santos Silva (2006), and Feldstein (2017). These 

are for example useful for the governments, allowing for correct measurements of quality change and thus accurate 

predictions and analysis of productivity and living standards. Additionally, confirming which vehicle characteristics 

are the most important to the UK AFV buyers is of great use to the UK government, manufacturers and marketers, 

who look to encourage the adoption of environmentally friendly and more energy efficient vehicles. Achieving higher 

AFV adoption rates is high on the government policy goals, especially in relation to the promised progress towards 

the reduction of polluting emissions and global goals of reducing climate change. 
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Appendices 

Appendix A 

 
Fig. 11 Results of the RESET tests for the OLS and WLS regressions, aiming to find the best functional form for further 

regressions. The linear, semi-logarithmic and fully logarithmic functional forms are included. 
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