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Abstract 

Existing research on 'oil vulnerability' has highlighted the low levels of resilience of low-income, car dependent suburbs to transport 

fuel price shocks. However, empirical studies in this area have often used rather static notions of car dependence, usually simply 

identified as high levels of car ownership or use. Also, they have identified vulnerable areas, rather than the specific households 

and social groups that would stand to lose the most from fuel price spikes. This paper brings together urban resilience, transport 

and social exclusion research and econometric modelling techniques to propose a new vulnerability indicator, focused on 

households and based on a dynamic and disaggregated understanding of car dependence, i.e. in terms of household price elasticities. 

We propose a ‘static’ indicator of ‘car-related economic stress’ that is modelled upon the official English definition of ‘fuel poverty’ 

(i.e. domestic energy affordability). This allows us to identify households who, in the present time, have both low income and 

spend disproportionate amounts on running motor vehicles (‘low-income high-costs’). The dataset employed is the Secure Access 

version of the UK Living Costs and Food Survey 2006-2012, allowing to link households to fuel prices at a detailed geographical 

level (postcode). Such geographical variation allows the modelling of disaggregate short-medium term price elasticities of car fuel 

demand. The continuous nature of the survey allows us to compare findings for a period of rapidly increasing fuel prices (2006-

2012). The main goal for the research is to inform transport policy and planning by bringing to light the distributional impacts of 

sudden increases in car fuel price, as well as the socio-economic factors associated with ‘car-related economic stress’.  
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1. Introduction 

Transport-related social exclusion is an active area of research given its relevance to practical policy making and 

importance to the vulnerable communities (Lucas, 2012). Research in this area has investigated the causes and 

consequences of reduced access to key services and opportunities, highlighting for example the socio-economic factors 

associated with low levels of travel activity (Lucas et al., 2016). This research has generally focused on low-income 

carless households, given their limited opportunities to travel and accessibility to opportunities, with far less attention 

to car-owning households who may be struggling to afford the cost of their travel. However, rapidly fluctuating fuel 

prices, stagnating real incomes and increasing car ownership among low-income groups have drawn increasing 

attention to questions of affordability in transport. There is, thus, increasing recognition that the costs of daily mobility, 

notably by car, can have important negative impacts on household finances. These can lead households to curtail 

expenditure in other essential areas and/or to restrict activity spaces, both of which can result in social exclusion. There 

is also a concern for the social and distributional impacts of rapid increases in the cost of motoring, e.g. as a result of 

fuel price spikes.  

Rapidly fluctuating oil prices since the early 2000s have triggered a wave of studies into the ‘oil vulnerability’ of 

urban areas (Dodson & Sipe, 2007). These studies have consistently found that low-income, car-dependent suburban 

and peri-urban areas are the least resilient to fuel price increases. However, this research has been dominated by spatial 

planning approaches, which have investigated vulnerability at the aggregate level of spatial units. Insights into the 

socio-economic factors associated with vulnerability at the disaggregate level of households are still relatively rare.  

On the other hand, econometric modelling studies into the price elasticity of fuel demand at the household level 

have demonstrated that households respond differently to changes in fuel prices, depending on a range of factors 

(Wadud et al. 2009, Wadud et al. 2010). These include household income and degree of urbanization, but also other 

factors such as e.g. the number of cars or the number of wage earners in the household, etc. These modelling 

approaches have been used to estimate the distributional impacts of fuel price increases but not, to the best of our 

knowledge, in relation to the oil vulnerability debate.  

In this study, we bring together these three strands of research, and propose a novel approach for assessing the 

transport vulnerability to fuel price rises at the household level. We use data from the Secure Access version of the 

UK Living Costs and Food Survey 2006-2012 (ONS & DEFRA, 2015) to identify households who have both low 

income and high costs of running motor vehicles. We then link expenditure data to fuel prices at postcode level. Such 

geographical variation allows the micro-modelling of disaggregate short to medium term price elasticities of car fuel 

consumption across the UK. This allows us to highlight the socio-economic factors behind ‘car-related economic 

stress’, as well as differences in the price response of different social groups to changes in fuel prices.  

The paper is structured as follows. We begin by providing a critical review of the oil vulnerability and transport 

affordability literatures (Section 2). We highlight two limitations of existing research, namely the limited consideration 

of the 'adaptive capacity' component of vulnerability and the relative lack of disaggregate, household-level approaches. 

The approach proposed in this paper is meant to address these limitations. In Section 3, the three steps of our approach 

are presented, along with the datasets used for the analysis. Section 4 presents the findings, both with regard to a 

‘static’ indicator of ‘car-related economic stress’ (4.1) and the ‘dynamic’ analysis of price response to fuel price 

changes (4.2). In Section 5, we draw conclusions and discuss future research directions.  

 

2. Background 

Historically high oil prices between the early-2000s and 2014 have resulted in increasing research interest for the 

vulnerability of passenger transport to fuel price increases. Studies on 'oil vulnerability' generally focus on identifying 

the areas or the households that would be most severely affected by an increase in (car) fuel prices. While most of 

these studies primarily focus on Australia (Dodson and Sipe, 2007; 2008, Fishman & Brennan, 2010; Leung et al., 

2015; Li et al., 2013; Runting et al., 2011), they are increasingly common in EU countries such as France (Nicolas et 

al., 2012), Germany (Gertz et al., 2015), and the UK (Lovelace and Philips, 2014). 
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In this section, we provide a brief review of quantitative studies on vulnerability to fuel price increases and transport 

affordability more broadly. Indeed, there is a certain overlap between these literatures. In the international literature, 

different terms are used to describe the condition of households who, in the present time, need to spend a 

disproportionately high share of their income to get where they need to go, with negative consequences in terms of 

restricted activity spaces and/or spending cuts in other essential areas. These include e.g. ‘forced car ownership’ 

(Currie & Senbergs, 2007), ‘transport poverty’ (Gleeson and Randolph, 2002; RAC, 2012; Sustrans, 2012), ‘commuter 

fuel poverty’ (Lovelace & Philips, 2014), ‘transport energy precarity’ (Jouffe & Massot, 2013) and ‘transport 

affordability’ problems (Litman, 2016; Lucas et al., in press). In this paper, we use the term ‘car-related economic 

stress’ (CRES) (Mattioli & Colleoni, 2016) to refer to a subset of transport affordability problems, related to 

expenditure on motoring. This is consistent with existing research on developed countries, which has largely focused 

on the affordability of owning and operating motor vehicles (Lucas et al., in press), reflecting the fact that motoring 

accounts for around 80% of all household spending on transport in OECD countries (Kauppila, 2011, p.6).  

Conceptually, the notion of oil vulnerability is (or should be) distinct from ‘transport affordability’ in that the focus 

is not so much on the current state things – i.e. households already needing to spend too much for travel – but rather 

on prospective expenditure and resilience with reference to a future scenario where fuel prices are significantly higher. 

Therefore, the original ‘vulnerability index for petrol expense rises’ (VIPER) proposed by Dodson and Sipe (2007) 

covered two dimensions: economic resources and ‘car dependence’. The notion of car dependence is used in many 

different ways in transport research (Lucas and Jones, 2009) but, in the most general sense, refers to a rigidity, a 

resistance to modal shift away from the car in the face of an external pressure.  

Despite such emphasis on questions of ‘shiftability’ and resilience, most empirical studies of oil vulnerability use 

indicators of actual and current car ownership and use as proxies for the need for cars. Dodson and Sipe’s original 

study (2007) operationalises car dependence with two variables: the proportion of households with two or more cars 

and the modal share of the car for the journey to work in the area. Several more recent studies, despite using more 

sophisticated techniques, still predominantly refer to current and actual car travel distances and/or related expenditure 

(e.g. Akbari & Habib, 2014; Fishman & Brennan, 2010; Li et al., 2013; Lovelace & Philips, 2014; Nicolas et al., 2012). 

As a result, what these studies really map is transport affordability in the present time (i.e. areas where people are 

spending too much on transport), rather than what they had originally set out to do, i.e. determine the potential 

vulnerability to future fuel price increases (although of course there are clear overlaps between the two). 

This has been criticized for overlooking 'adaptive capacity', which in turn is one of the key components of the notion 

of 'vulnerability' (Leung et al., 2015; Rendall et al., 2014). In order to address this issue, Runting et al. (2011) propose 

a composite index of oil vulnerability which includes as a key component the viability of modes alternative to the car 

in the local area. Similar approaches have been proposed by Rendall et al. (2014) and Leung et al. (2015). The idea is 

that good accessibility by alternative modes, all other factors equal, reduces car dependence, and thus oil vulnerability, 

even in areas where car use is currently very high, by making modal shift possible. This is consistent with approaches 

proposed to measure the car dependence of geographical areas (Siedentop et al., 2013).  

Such an understanding of car dependence is consistent with the emphasis on questions of spatial planning and urban 

form that dominates oil vulnerability research. Research in this area has tended to identify vulnerable areas, which 

would benefit from improved public transport and local supply of services, with results consistently showing that car 

dependent suburban and rural areas are more vulnerable. It has less to say about the social groups who suffer the worst 

stress and would be the most vulnerable to fuel price spikes.  

From a transport and social exclusion perspective (Lucas, 2012), the question of which social groups are the most 

vulnerable to fuel price increases is of the utmost interest. Therefore in this paper we argue that there is a need for a 

new disaggregate measure of oil vulnerability, which: (i) takes into account car dependence and 'adaptive capacity', 

and at the same time (ii) focuses on households rather than geographical areas. In order to do this, we draw on the 

economic notion of price elasticity to understand adaptive capacity.  

Gorham (2002), arguing for a disaggregate understanding of car dependence, suggests that “car-dependent 

households would demonstrate an unwillingness or inability to change their behaviour in response to an input change, 

such as cost. The levels of car usage would be relatively unresponsive to changes in the cost of driving in a car-

dependent household. This last manifestation can be measured quantitatively, via the price elasticity of demand for 

car use, so it may be researchers’ best proxy to quickly gauge the levels of car dependence in a society” (p.109, 

emphasis added).  
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Intuitively, the idea of equating car use price elasticity with car dependence is appealing. Notably, previous research 

in the US has shown that elasticities vary systematically across different sectors of the population (Wadud et al., 2009, 

Wadud et al., 2010), with multi-car, multi-wage earner and urban households showing greater elasticity. Therefore, 

Wadud and colleagues have argued that disaggregate household price elasticities “can be used to determine the 

distribution of welfare among households as a result of a policy that increases the price of gasoline” (2010, p.22). The 

approach remains valid also for non-policy-induced fuel price spikes, such as those usually considered in oil 

vulnerability research.   

3. Approach, data and methods  

3.1. Approach 

Our approach in this study consists of three main steps, two of which are presented in this paper. First, we propose 

an indicator of ‘car-related economic stress’ (CRES) that is modelled on the official English indicator of fuel poverty 

within the home. This allows us to identify households who are experiencing problems of transport affordability in the 

present time. A discussion of the methodological choices made is provided in Section 3.3. We apply the indicator to 

family expenditure data for the UK in 2006-2012. This allows us to quantify the prevalence of this group, changes 

over time during a period of increasing motor fuel prices, and to investigate the factors associated with ‘car-related 

economic stress’ (Section 4.1).  

In the second step, we model how the price elasticity of fuel demand for car-using households with the family 

expenditure dataset varies depending upon socio-economic characteristics. The econometric detail of this modelling 

approach is discussed in Section 3.4. In Section 4.2 we present the results of this analysis, which allow us to estimate 

the price response of CRES households to changes in fuel prices, and to assess the vulnerability of British households 

to fuel price increases.  

A third step (which is the subject of ongoing work and thus not reported here) will be the estimation of unique price 

elasticity values for each household in the dataset. This will allow us to model changes in the prevalence of CRES in 

different motor fuel price scenarios, as well as to investigate how the composition of the affected group would change 

in such scenarios.  

3.2. Data  

The analysis in this paper is based on the Secure Access version of the Living Costs and Food Survey (LCFS) 

dataset for 2006-2012 (ONS & DEFRA, 2015).  The LCFS is the latest in a long series of consumption and expenditure 

surveys that have been conducted each year in the UK since the 1940s. The dataset includes detailed information on 

(weekly equivalent) household expenditure and income. In this study, we use the pooled 2006-2012 dataset 

(N=41,007).  

The Secure Access version of the LCFS provides geographic identifiers at the postcode unit level (e.g. LS2 9JT). 

This allowed us to match household records with fuel prices data, and thus to estimate price elasticities of fuel demand 

as described in Sections 3.4 and 4.2. We use Experian Catalist Historic Fuel Price Data, which include the weekly 

average unleaded petrol and diesel prices at the postcode district level (e.g. LS2) for the period 2006 to 2012. We 

matched LCFS and Experian fuel price data based on year, month and postcode district. In cases where information 

on prices at the postcode district level was missing, we assigned the average value of prices for that month at the 

postcode area level (e.g. LS). As the LCFS dataset does not provide postcodes for households in Northern Ireland, we 

assigned to all households average fuel price values for Northern Ireland as a whole (for the relevant month and year).  

3.3. A ‘Low-Income-High-Costs’ metric of car-related economic stress 

In the UK, attempts to quantify the prevalence of transport affordability problems in the population have typically 

been based on an analogy with 'fuel poverty' (e.g. Lovelace & Philips, 2014; RAC, 2012; Sustrans, 2012). The notion 

of 'fuel poverty', refers to the affordability of domestic energy (most notably heating), and underpins well-established 

research and policy agendas in the UK (Boardman, 1991; 2010; Hills, 2012). Following the pioneering work of 
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Boardman (1991), in 2001 the government adopted a definition of fuel poverty stating that a household is fuel poor "if 

it would need to spend more than 10 per cent of its income to achieve adequate energy services in the home” (DEFRA, 

2001). Since 2013, a new official definition of fuel poverty was adopted in England, based on the ‘Low-Income-High-

Costs’ (LIHC) indicator (Hills, 2012). This metric defines ‘fuel poor’ households as those who (i) have “required fuel 

costs that are above the median level” and (ii) “were they to spend that amount they would be left with a residual 

income below the official poverty line” (i.e. 60% of the median) (Hills, 2012, p. 9). These metrics have been used to 

trace trends in fuel poverty over time, and to monitor the effects of government policy.  

It is important to stress that measures of fuel poverty in the UK refer to required (rather than actual) energy costs. 

These are modelled based on normative standards of adequate energy services, combined with information on the 

energy performance of home energy appliances and the building. Importantly, “this means that households whose 

actual expenditure is low because they cannot afford enough fuel to be warm are not wrongly considered not to be in 

fuel poverty (while) households who have high expenditure while wasting energy are not considered to be fuel poor” 

(Hills, 2012, p. 30). 

In Europe, a number of empirical works have adopted and/or adapted the 'ten per cent ratio' (e.g. Lovelace & Philips, 

2014; RAC, 2012; Sustrans, 2012) or the LIHC indicator (Berry et al., 2016; Mayer et al., 2014) for use in the analysis 

of transport affordability. In this article, we propose one of such indicators, which we apply to the Living Costs and 

Food Survey (LCFS) dataset for 2006-2012 (ONS & DEFRA, 2015). Notably, we develop an indicator that allows us 

to trace trends over time in a period of rapidly increasing fuel prices.  

In keeping with the logic of the Hills indicator, we adopt a definition of LIHC households as those that fall below 

an income threshold and above a cost threshold. With regard to costs, the indicator considers the expenditure for 

‘running motor vehicles’ reported in the LCFS dataset. This includes expenditure on motor fuels as well as other 

variable costs of motoring (e.g. vehicle road tax, insurance, repairs, parking fees, etc.). We do not include fixed costs 

(e.g. vehicle purchase) for two reasons. First, most sampled households do not report any expenditure for car purchase 

in the 12 months before the interview, while a minority reports very high values, and this might skew the analysis. 

Second, previous studies have shown that the purchase of a car is a luxury good, with wealthier households spending 

a higher share of their income on more expensive cars, which are also substituted more frequently (Demoli, 2015; 

Kauppila, 2011). 

A key difference between the original LIHC metric of fuel poverty and the transport indicator proposed here is that 

we consider actual, rather than required, expenditure. As it has been noted elsewhere (Berry et al., 2016; Jouffe & 

Massot, 2013; Lucas et al, in press; Mayer et al., 2014; ONPE, 2014; Stokes & Lucas, 2011; Titheridge et al., 2014) 

determining normative standards of required travel (and related costs) is a formidable challenge, which is beyond the 

scope of this study. This means that our indicator does not identify ‘underspending’ households, who spend less than 

they should on motoring because they curtail travel to essential activities. Arguably, however, this is not such a 

limitation, since much transport and social exclusion research to date has focused on low mobility groups and 

suppressed travel demand (e.g. Lucas et al., 2016). Our indicator complements the insights of existing research with 

an examination of households spending a disproportionate amount of money on running motor vehicles. While it is 

possible that some of them are spending more than they ought to, we assume that wasteful ‘overspending’ is not so 

common among households whose resources are very limited. 

Another difference between our LIHC indicator and Hills’ original measure regards the cost threshold. Following 

Heindl and Schuessler (2015), we do not define ‘high costs’ as more than the median of (equivalised) costs, but rather 

as more than twice the median the share of income spent on ‘running motor vehicles’ in the first year of the dataset, 

i.e. 2006. As in the LCFS 2006 dataset the median is 4.79%, we set the threshold at 9.5% (for rounding purposes). The 

resulting indicator can be construed as a compromise between the old '10%' and the new LIHC indicator (see Heindl 

and Schuessler, 2015). 

With regard to income, our approach is virtually identical to Hills': we subtract from household income net housing 

expenditure and ‘running motor vehicles’ expenditure. The remaining income is divided by the modified OECD ‘after 

housing costs’ equivalence scale factors. The poverty line is set at 60% the median of the equivalised income (136£ 

per week in the 2006 dataset). Figure 1 depicts graphically how the ‘Low-Income High-Costs’ (LIHC) group (middle 
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blue dots in the upper left quadrant) is identified in the 2006 dataset1. The indicator identifies three further groups: 

‘Low-Income Low-Costs’ (LILC, orange dots, lower left quadrant), ‘Higher-Income High-Costs’ (HIHC, light blue 

dots, upper right quadrant) and ‘Higher-Income Low-Costs’ (HILC, yellow dots, lower right quadrant). It is important 

to stress that households in the ‘higher-income’ groups do not necessarily have high income – residual income is just 

higher than in the ‘low-income groups’, i.e. above the poverty line.  

The indicator is meant to allow the tracing of changes in the prevalence of car-related economic stress over time. 

The income threshold is set at a different level for every year, thus reflecting changes in income levels and distribution. 

By contrast, the affordability threshold is fixed at 9.5%, i.e. it does not change over time. In this respect, our approach 

is different from Hills’indicator, where the affordability threshold moves over time, reflecting changes in average 

expenditure. As Heindl and Schuessler (2015) demonstrate, this correction is required to ensure that the metric satisfies 

the dynamic properties of affordability measures. This in turn is crucial for determining trends in transport 

affordability.  

 

 

 

 

 

Figure 1 – Diagrammatical representation of the LIHC indicator for running motor vehicles expenditure, based on data for 2006 (N=6,645) 

3.4. Elasticity estimation 

There are two different approaches to modelling heterogenous responses to price or income changes for different 

socio-economic groups. In the first, 'representative agent' approach average consumption of different groups are 

observed over a long time period  (generally more than 20 years) along with the changes in the average characteristics 

of the groups and other market variables (price and income). Wadud et al. (2010) followed this approach to understand 

the variations in price and income elasticities of fuel demand for five income quintiles in the USA. The averaging of 

individual fuel consumption data, however, has its associated econometric problem (e.g. aggregation error). As such 

 

 
1 For reasons of data confidentiality, the dot markers in Figure 1 are jittered. This explains why some blue dots are depicted below the 
affordability threshold, even though all LIHC households spend more than 9.5% of their income on ‘running motor vehicles’. Also, points with 

particularly high values on at least one variable are omitted from Figure 1.  
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studies that focus on the effect of socio-demographic characteristics on petrol demand generally tend to the second 

approach, which involves using household level data on consumption and socio-economic characteristics. Household 

data is also used to understand the equity and distributional issues of different petrol demand-related policies and thus 

offer a natural advantage if the results are later used to distributional analysis, as is our case here.  

Several authors (e.g. Wadud et al. 2010, Romero-Jordan et al. 2014, Gillingham 2014) have recently used the 

household level micro-dataset to understand petrol demand, an approach first proposed by Archibald and Gillingham 

(1980) using the household production theory. According to this theory, a household's petrol or diesel demand decision 

is taken by maximizing the utility provided by the transportation services subject to the constraints of vehicle 

technology, fuel price, income, and preferences shaped by the presence of alternate transport modes and socio-

economic characteristics. This results in a demand specification which is a function of fuel price, household income, 

vehicle and household characteristics and other transport characteristics. 

The general specification of fuel demand from personal vehicles have the form: 

 

𝑙𝑛𝐹𝑖 = 𝛼 + 𝛽. 𝑙𝑛𝑃𝑖 + 𝛾. 𝑙𝑛𝑌𝑖 + 𝜽𝒁𝒊     (1) 

where, F, P, and Y refer to fuel consumption of the household, retail price of fuel and income of the household 

respectively.  The vector Z stands for socio-economic characteristics. Greek characters refer to the parameters that 

need to be estimated from the data. The specification in Eq. (1) assumes a homogenous response, i.e. the elasticity of 

fuel demand with respect to fuel price (or income, or other variables) is the same across all households. In order to 

accommodate our hypothesis that fuel price elasticities could vary among different household types we use the 

approach pioneered by Wadud et al. (2010).  

Wadud et al. interacted the socio-economic characteristics with fuel price (or income) in order to get an estimate of 

how those socio-economic characteristics affect the fuel price (or income) elasticities. The specific characteristic is 

assumed to have a homogenous effect across all households of similar type (say, urban location), however, since those 

similar households will differ in another socio-economic characteristic (say, income), each household can actually 

have a unique elasticity. Whether the effects of the interacted socio-economic characteristics are significant or not can 

be determined using statistical tests. In order to accommodate the potentially different household types, we modify the 

basic approach of Eq. (1) to the following specification: 

  

𝑙𝑛𝐹 = 𝛼 + 𝛽𝑌 . 𝑙𝑛𝑌 + 𝛽𝑌. (𝑙𝑛𝑌)2 + 𝛽𝑃𝑌 . 𝑙𝑛𝑃. 𝑙𝑛𝑌 + 𝛽𝑃 . 𝑙𝑛𝑃 + ∑ 𝛾𝑘𝐷𝑘. 𝑙𝑛𝑌3
𝑘=1 + ∑ 𝛿𝑘𝐷𝑘 . 𝑙𝑛𝑃3

𝑘=1 + 𝛾𝐿𝐿. 𝑙𝑛𝑃 + ∑ 𝜃𝑚
𝑛
𝑚=1 𝑍𝑚 (2) 

 

In this specification, we add squared of income (Y) to accommodate the possibility that income elasticity itself 

could change with higher income. We have also interacted income with fuel price (P) to understand the effect of 

income on price elasticities. A priori, we expect price elasticities to fall as income increases (Wadud et al., 2010).  

Our prime interest is the response of the four different groups (LIHC, LILC, HIHC, HILC) to fuel price changes. 

We create three indicator variables (Dk) to represent these groups and we interact income and price separately with 

these (the fourth groups remains the reference group). Following earlier finding (Wadud et al., 2010) that households 

in urban areas are generally more price responsive, we also interact price with an indicator variable for Central London 

(L), where public transport has the highest patronage among all urban areas (DfT, 2015). The socioeconomic 

characteristics included in the model are family size, presence of children or adults older than 64 years of age, location, 

gender and age of household reference person, number of vehicles in the household and whether any of the vehicles 

are diesel. While education is generally a useful determinant, the 2006 dataset did not contain this variable. 

Most recent work on fuel demand modelling was in the USA, where petrol is the overwhelmingly dominant fuel 

private vehicles. However, in the UK diesel personal vehicles have also gained popularity. In 2015 more than half of 

new personal vehicle fleet ran on diesel, although the share is smaller in the total vehicle stock. Diesel also has a larger 

energy content compared to diesel, which allows it to travel further than petrol per unit of volume of the fuel. Therefore, 

we multiply the diesel consumptions in the households by 1.10 to accommodate its higher energy content, and use 

energy (E) as the dependent model in our primary model, Model 1, where E = Petrol + 1.1 Diesel. For Model 2, where 

Fuel (F) is the dependent variable, we simply add diesel and petrol fuel consumptions (F = Petrol + Diesel).   

Note that in traditional log-linear demand model the parameter estimates for lnY and lnP will directly represent the 

income and price elasticities. However, the parameter estimates for income and fuel price require careful interpretation 
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here. Given we have interacted income and fuel price with other variables, the parameter estimate for income (βY) or 

fuel price (βP) do not represent income or price elasticity directly. Instead the income and price elasticities are to be 

calculated from the following Eqs. (3) and (4). Because every household's income is different and they fall in different 

socio-economic groups, the price and income elasticites for every household is unique in this formulation.    

 

𝑝𝑟𝑖𝑐𝑒 𝑒𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦 = 𝛽𝑃 + 𝛽𝑃𝑌𝑙𝑛𝑌 + ∑ 𝛿𝑘𝐷𝑘
3
𝑘=1 + 𝛾𝐿𝐿 (3) 

 

𝑖𝑛𝑐𝑜𝑚𝑒 𝑒𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦 =  𝛽𝑌 + 2. 𝛽𝑌 . 𝑙𝑛𝑌 + 𝛽𝑃𝑌 . 𝑙𝑛𝑃 + ∑ 𝛾𝑘𝐷𝑘
3
𝑘=1  (4) 

 

4. Results  

4.1. LIHC indicator 

Table 1 shows how the distribution of the LIHC indicator has changed over time in the period 2006-2012 – a period 

of rapidly increasing fuel prices. Despite this fact, the graph shows that the population share of the LIHC group has 

remained remarkably stable over this period (9-10% of households in the UK). Further analysis suggests that this may 

be the product of two counteracting trends: (i) an increase in motor fuel prices and the average share of income spent 

on running motor vehicles; (ii) a moderate decrease in the ‘after housing costs’ poverty rate (DWP, 2015).  

Table 1 - Distribution of the LIHC indicator in the UK, 2006-2012 (N=41,007) 

Group 2006 2007 2008 2009 2010 2011 2012 

Low Income, Low Costs 13.3 13.7 12.6 12.7 10.6 10.7 10.1 

Low Income, High Cost 9.6 9.7 9.3 8.9 9.2 9.5 9.4 

Higher Income, Low Cost 64.6 65.0 64.7 65.9 65.3 62.5 62.0 

Higher Income, High Cost 12.5 11.6 13.4 12.5 14.9 17.3 19.5 

Total 100.0 100.0 100.0 100.0 100.0 100.0 100.0 

Table 2 - Distribution of the LIHC indicator in the UK, for households below the poverty line (after housing costs), 2006-2012 (N=8,695).   

Group 2006 2007 2008 2009 2010 2011 2012 

Low Income, Low Costs 57.8 59.4 56.7 58.2 54.7 53.7 51.8 

Low Income, High Cost 35.1 34.2 34.4 33.3 36.6 36.9 38.2 

Higher Income, Low Cost 7.1 6.4 8.9 8.5 8.7 9.4 10.0 

Total 100.0 100.0 100.0 100.0 100.0 100.0 100.0 

 

In fuel poverty debates, it is common to relate trends in fuel poverty headline numbers to trends in the three main 

drivers of fuel poverty, i.e. income, prices and energy efficiency (e.g. DECC, 2015). In Figure 2 we do the same for 

‘car related economic stress’, by showing trends in LIHC, ‘after housing cost’ poverty rate and petrol prices between 

2006 and 2012. The graph shows a clear contrast between a 46% increase in retail petrol prices (a similar +49% 

increase, not reported in the graph, is observed for diesel) and a substantial stability in the rate of households in ‘low-

income and high costs’ over the period under consideration. It appears that the LIHC rate more closely mirrors changes 

in the ‘after housing costs’ poverty rate, which has gone down slightly from 23% in 2007/2008 to 21% in 2012/2013 

(DWP, 2015). However, changes in fuel prices are reflected in the growing share of households in ‘higher-income 

high-costs’, which has increased from 12.5% to 18.5% between 2006 and 2012 (Table 1) – corresponding to an 

increase of +48%.  

The increase in fuel prices is also reflected in an increase in the prevalence of LIHC households among households 

in relative low income after housing costs. This is illustrated in Table 2, showing that the LIHC rate went up from 

35.2% to 38.2% between 2006 and 2012 among the poor – corresponding to a 9% increase. This increase is offset at 

the population level by a decrease in the poverty rate.  
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Figure 2 – Trends in petrol prices, ‘after housing costs’ poverty rate and LIHC in the UK, 2006-2012 (Indexed: 2006=100). Sources: DECC 

(2016), DWP (2015), and own elaboration based on LCFS 2006-2012.   

Table 3 - Distribution of the LIHC indicator across different types of area in Great Britain (Northern Ireland excluded), based on pooled 2006-

2012 sample (N=38,170). 

Group London Other MAs Other urban Rural Total 

Low Income, Low Costs 11.6 15.0 12.9 8.4 12.0 

Low Income, High Cost 7.4 9.5 8.9 11.3 9.2  

Higher Income, Low Cost 69.7 63.7 64.7 60.3 64.6  

Higher Income, High Cost 11.3 11.78 13.5 20.0 14.2  

Total 100.0 100.0 100.0 100.0 100.0  

Table 4 - Distribution of the LIHC indicator across different types of area in Great Britain (Northern Ireland excluded), for households below the 

poverty line (after housing costs), based on pooled 2006-2012 sample (N=8,005). 

Group London Other MAs Other urban Rural Total 

Low Income, Low Costs 60.2 58.7 58.9 45.8 56.6  

Low Income, High Cost 32.5 29.9 32.3 49.3 35.1  

Higher Income, Low Cost 7.3 11.4 8.8 4.9 8.3  

Total 100.0 100.0 100.0 100.0 100.0  

 

As discussed in Section 2, research on transport affordability and oil vulnerability has given much importance to 

differences between types of area. Table 3 suggests that, at least at an aggregate level, these differences are not very 

large in the UK, with the incidence of LIHC ranging from 7% in London to 11% in rural areas. However the table 

also shows that the share of ‘low-income’ households (after housing and running motor vehicles costs) decreases as 

one moves from ‘metropolitan’ to ‘rural’ areas (with London in between the two). This suggests that greater transport 

costs in rural areas might be offset by a lower poverty rate.  

This is confirmed by Table 4, showing the distribution of the LIHC indicator by type of area for households that 

are below the after housing costs poverty line. Greater variation is apparent here, with the incidence of LIHC much 

higher in rural areas (49%) than in urban and metropolitan areas (30-32%). This suggests that in British rural areas, 

virtually one in two poor households spend more than 9.5% of their income on running motor vehicles.  

In Table 5 we present the results of two logistic regression models. The first (left column) includes the full LCFS 

sample in the analysis, and models the probability of belonging to the LIHC group, as opposed to any other group in 
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our classification. The goal here is to identify the characteristics that distinguish LIHC households from the average 

of the population. 

Table 5 - Logistic regression models for the probability of belonging to the LIHC group in 2012. 

Outcome: Low Income, High Costs (LIHC) 

Base outcome: Rest of the sample LILC 
 Coef. Std. error Coef. Std. error 

Household size: simple term 0.338 0.147** 0.547 0.253** 

squared term 

 

-0.011 

 

0.022 

 
-0.124 

 

0.046*** 

 

No. of children 

 

-0.162 

 

0.103 

 
0.338 

 

0.165** 

 

No. of members full-time or self-employed 

 
-1.062 

 

0.117*** 

 

0.696 

 

0.170*** 

 

No. of members employed part-time 

 
-0.195 

 

0.109* 

 

0.252 

 

0.143* 

 

No. of members unemployed 

 

0.218 

 

0.146 

 

-0.174 

 

0.180 

 
Age of HRP (ref. cat.: 15-29):    30-39 0.407 0.222* 0.491 0.284* 

40-49 0.325 0.219 0.404 0.289 

50-59 0.299 0.230 0.374 0.282 
60-69 -0.429 0.253* 0.545 0.325* 

70+ 

 
-0.671 

 

0.262** 

 

-0.112 

 

0.333 

 
No. of recipients of DLA (mobility) 

 
-0.367 

 

0.172** 

 

0.774 

 

0.319** 

 

HRP not White 
 

0.526 

 

0.173*** 

 

0.143 
 

0.256 
 

HRP female 

 
-0.257 

 

0.114** 

 

-0.330 

 

0.148** 

 

Category of dwelling (ref. cat.: Detached)    

Semi-detached 0.034 0.137 -0.349 0.229 

Terraced -0.062 0.150 -0.971 0.234*** 

Purpose-built flat maisonette -0.408 0.213* -0.924 0.321*** 

Part of house converted flat 

 
-1.384 

 

0.469*** 

 

-2.241 

 

0.505*** 

 

Tenure type (ref. cat.: Owned outright)       

Owned with mortgage / rental purchase -0.230 0.162 -0.016 0.252 

LA / Housing Association rented -0.169 0.176 -0.608 0.246** 

Other rented 

 

0.097 

 

0.191 

 
-0.740 

 

0.250*** 

 

Type of area (ref. cat.: Greater London)       
Other MAs 0.054 0.180 -0.191 0.246 

Other urban -0.114 0.157 -0.270 0.212 

Rural 0.418 0.168** 0.442 0.263* 

Northern Ireland 0.615 0.273** 0.318 0.419 

     

Constant -2.048 0.389*** -0.003 0.507 

McFadden's Pseudo R2 0.08  0.15  

N 5,451         1,053  

Notes: bold indicates statistical significance (* p<0.10; ** p<0.05; *** p<0.01).  

 

The goodness of fit of the model is rather low with a McFadden's Pseudo R2 value of 0.08. This could be interpreted 

as indicating that the LIHC group is not so different from the rest of the British population, with respect to the variables 

included in the model. 

The model results suggest that there are no statistically significant differences (at the p<0.10 level) between LIHC 

and the rest of the sample in terms of number of children and unemployed members, once other factors have been 

controlled for. However, the number of full-time or self-employed members is found to reduce the probability of 

LIHC. With regard to age, for otherwise similar households, the probability of LIHC peaks among households in the 

30-39 age band. 
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The model results also suggest that LIHC households are less likely to include members with mobility difficulties 

(i.e. in receipt of the mobility component of the UK government’s Disability Living Allowance - DLA) and to have a 

female reference person than the average of the population, even after other factors have been controlled for. By 

contrast, the net effect of a non-white household reference person is to increase the probability of LIHC. The results 

for the category of dwelling show that the net effect of living in a flat (as compared to a detached house) is to strongly 

reduce the probability of being at risk of CRES. This might reflect higher population density in the neighbourhood, 

but also lower housing costs for flats (as we do not control for either factor). Finally, the probability of LIHC is higher 

in rural areas and in Northern Ireland.  

The second model in Table 5 (in the rightmost column) only includes households that we have defined as ‘low 

income’, modelling the relative probability of belonging to the LIHC group, rather than LILC. The goal is to identify 

the drivers of ‘high costs’ in the low income population. The goodness of fit is much better here (Pseudo R2=0.15), 

suggesting that LIHC households differ more from other ‘low income’ households than from the average Briton.  

In detail, the net effect of the number of employed members (either full- or part-time) is to increase the probability 

of LIHC. This suggests that for some households employment income is not enough to get out of poverty, after the 

cost burden of running motor vehicles is accounted for. An increase in the number of children is associated with an 

increase in the probability of LIHC. The probability of LIHC has a curvilinear relationship with household size, 

peaking among three and four member households and declining thereafter. There are only small and marginally 

significant differences in terms of age between the two groups, after other characteristics (such as labour participation) 

are controlled for. Similarly, the ethnic origin of the HRP does not have a significant effect in this model, suggesting 

that being non-white is associated with ‘low-income’, but not ‘high costs’.  

Interestingly, among low-income households, personal mobility difficulties are associated with an increase in the 

probability of experiencing high costs. The presence of a female HRP is associated with higher probability of LILC, 

possibly as a result of lower license- and car-ownership rates among women. The results for the ‘category of dwelling’ 

variable strongly suggest that the risk of CRES is significantly higher in areas of detached and semi-detached housing, 

and much lower for flats. Finally, it appears that being home-owners is associated with an increase (and renting with 

a reduction) in the probability of LIHC. Finally, living in rural areas significantly increases the risk of CRES.  

4.2. Elasticity estimation results 

Estimation of cross-sectional model as in Eq. (2) can be done in two ways. If we are interested in generating 

elasticities for the country as a whole, it is important to note that not all households consume petrol or diesel fuel. As 

such some adjustment such as Heckman's selection model could be used to get an unbiased estimate. However, we 

are not interested in generating an aggregate national level elasticity, rather our focus is on households that already 

consume petrol or diesel for their transport needs - i.e. our sample represents the population we are interested in. 

Therefore OLS can be used to estimate the model. However, the errors are likely to be non-normal (and sometimes 

heteroskedastic), therefore we modify the standard errors using White's robust variance matrix.  

Table 6 presents the results of parameter estimation. Model 1 and 2 both have an R2 in excess of 0.44, which is 

quite high for cross-sectional data, indicating a good fit. We have also experimented with other potential explanatory 

factors such as annual trend, monthly dummies, year, age of household reference person, but none of those models 

improved the fit via Adjusted R2, AIC or BIC. Nearly all the parameter estimates are statistically significant at 90% 

confidence level, most are significant at 95%. 

Results show that demand for transport energy increases with the number of members and number of vehicles in 

the household. Presence of children or elderly people in the household reduces the energy consumption, possibly 

because their travel demand is not as high as the active adults. Households in metropolitan areas have a lower energy 

consumption compared to those in other, smaller urban areas. Demand for fuel for car users in Greater London is not 

statistically different from those in other urban areas. As expected rural households use more fuel for their travel, as 

do those located in Northern Ireland, which is mostly rural (but our data does not separate households in Northern 

Ireland into rural and urban).  
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Table 6 - Parameter estimates (based on pooled 2006-2012 sample) 

  Energy Equation Fuel Equation 

  Coef. Std. Err. Coef. Std. Err 

Income -0.559 0.286 -0.583 0.287 

Income squared 0.036 0.012 0.037 0.012 

Fuel price -2.128 0.374 -2.155 0.375 

Fuel price* Income 0.194 0.059 0.197 0.059 

HH size 0.110 0.012 0.112 0.012 

   Indicator for presence of children (no children = reference)   

Children -0.041 0.011 -0.042 0.011 

   Indicator for elderly members, above 65 year old (no elderly = reference)  

Elderly -0.098 0.009 -0.098 0.009 

No of vehicles 0.151 0.011 0.157 0.011 

   Gender of household reference person (male = reference)  

Female -0.014 0.008 -0.013 0.008 

   Urban-rural indicator (Other Urban = reference)    

Greater London 0.012 0.013 0.013 0.014 

Metropolitan Areas -0.048 0.011 -0.048 0.011 

Rural 0.071 0.009 0.071 0.009 

Northern Ireland 0.087 0.014 0.086 0.014 

   Interactions with income for different groups (LILC = reference)   

LIHC*Income -0.378 0.047 -0.376 0.047 

HILC*Income -0.269 0.044 -0.269 0.044 

HIHC*Income -0.126 0.043 -0.123 0.043 

   Interactions with fuel price for different groups (LILC = reference)   

LIHC*Fuel price 0.658 0.058 0.655 0.058 

HILC*Fuel price 0.368 0.055 0.367 0.056 

HIHC*Fuel price 0.322 0.054 0.319 0.054 

   Interaction with fuel price and Central London (Other urban reference)  

London * Fuel price -0.028 0.004 -0.028 0.004 

   Indicator for presence of diesel vehicles in HH (no diesel = reference)  

Diesel 0.216 0.008 0.138 0.008 

Constant 8.942 1.705 9.090 1.707 

Diagnostics     

N 25,905  25,905  

R2 0.44  0.43  

AIC 42790.1  42939.8  

BIC 42969.6  43119.3  
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Table 7 - Groupwise elasticities (all elasticities measured at respective group mean income) (Statistical significance: *** 99% ** 95% * 90%) 

 Energy Fuel 
 Price Elasticity Income Elasticity Price Elasticity Income Elasticity 

Low Income, Low Costs -1.029 (0.068)*** 0.744 (0.040)*** -1.036 (0.068)*** 0.743 (0.040)*** 

Low Income, High Cost -0.400 (0.064)*** 0.354 (0.024)*** -0.412 (0.065)*** 0.356 (0.024)*** 

Higher Income, Low Cost -0.478 (0.039)*** 0.543 (0.012)*** -0.484 (0.040)*** 0.544 (0.012)*** 
Higher Income, High Cost -0.580 (0.037)*** 0.665 (0.015)*** -0.589 (0.038)*** 0.668 (0.015)*** 

 

Households that own at least one diesel vehicle consume more energy compared to those with petrol vehicles only. 

Generally diesel owners are a self-selected group: those who expect to travel more tend to purchase diesel vehicles 

because of their better fuel economy and corresponding lower running costs. Households where the reference person 

is a female consume less energy. 

As mentioned earlier, the parameters for income and price do not represent elasticities directly. Table 7 presents 

the income and price elasticities of an average household in each of our four socioeconomic groups, evaluated at 

median income of that specific group and median fuel price over the whole sample. It is clear that the households in 

the LIHC group have the lowest price response of the four groups. This possibly indicates that these household only 

do the essential amount of travel, and they cannot reduce their car travel or fuel consumption much even if the fuel 

price rises. These household also have the lowest income elasticity, indicating they spend a larger share of any 

additional income on other consumption (or saving) compared to other households. 

 

5. Conclusions, limitations and further work 

In this paper, we have proposed a new approach to the study of transport affordability and vulnerability to fuel 

price increases at the household level. Our analysis has consisted of two steps: a ‘static’ analysis of ‘car-related 

economic stress’ and the modelling of price elasticities of car fuel demand.  

With regard to the first part of the analysis, 9.4% of UK households had low income and high costs in 2012 – 

corresponding roughly to 1.7 million households. This demonstrates that the scale of the problem is far from 

negligible, and arguably that the plight of households in car-related economic stress deserves more attention than it 

has received so far in the UK (Mattioli, 2015).  

Our analysis also highlights a number of factors associated with car-related economic stress. With regard to spatial 

factors, the logistic regression results suggest that living in low-density building types (a proxy for density in the 

neighborhood) or in rural areas is associated with higher probability of having high running motor vehicle costs despite 

low income. We also find that as much as one in two poor households in rural areas spends disproportionate amounts 

on the running costs of motoring. This is consistent with the findings of transport affordability and oil vulnerability 

research, as reviewed in Section 2. At the same time, we find a non-negligible share of ‘low-income high-costs’ 

households in urban areas – e.g. 7.3% in the London metropolitan area. This is partly due to the fact that, unlike in 

other developed countries, average poverty levels in the UK are higher in dense urban areas.  

Our analysis also highlights a number of socio-economic factors associated with car-related economic stress. As 

argued in Section 2, this is an area where evidence is lacking. The logistic regression results suggest that the social 

profile of ‘low-income high-costs’ households is not so different from the average of the population, but it is more 

distinct from ‘low-income low-costs’ households. We find that employment, presence of children, a household size 

of three to four people, home ownership and personal mobility difficulties are all associated with increased probability 

of having ‘high costs’ among low income households.  

There are several possible interpretations for these findings. First, some of the factors (household size, presence of 

children, personal mobility difficulties) can be construed as increasing the ratio between the (car) travel needs of the 

household and its income base. Second, some of the same factors (children, large household size, and access to home 

ownership) can be construed as typical of a certain stage of the family life cycle, i.e. middle adulthood. This highlights 

the interest of looking at car-related economic stress from a life course perspective. So far, however, ‘mobility 

biographies’ approaches (Müggenburg et al., 2015) have not been applied to the study of transport disadvantage and 

vulnerability.  
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Third, the association between employment and car related economic stress suggests that, for some low income 

households, the cost of commuting to work may account for a very large share of the income earned from work. These 

households are effectively below the poverty line after running motor vehicle costs have been deducted. This 

highlights the interest of investigating the links between transport affordability and ‘in-work poverty’ (Ponthieux, 

2010). Also, we might expect these households to be very reluctant to reduce expenditure on commuting, as their 

income depends on being able to get to work, and this might put them in a vulnerable position when fuel prices go up, 

as discussed below.  

With regard to trends over time, the LIHC indicator that we propose appears to be relatively insensitive even to 

large increases in motor fuel prices, such as those observed between 2006 and 2012. This is partly down to the 

offsetting effect of a (small) reduction in the poverty rate, obscuring the fact that car-related economic stress has 

become more prevalent between 2006 and 2012 among low-income households. On the other hand, this might suggest 

that the LIHC headcount indicator presented here assesses the extent of car related economic stress, but not its depth. 

In other words, while the share of households in ‘low-income high-costs’ is not significantly higher at the end of the 

period, their condition in terms of economic stress may have worsened. In order to assess this, we need an indicator 

of the depth of car-related economic stress, in a manner similar to the ‘fuel poverty gap’ indicator used by the English 

government for domestic energy (Hills, 2012). This is the subject of ongoing work by the authors.  

In the second part of our analysis, we have estimated the price and income elasticities of car fuel demand. The main 

finding here is that households in the ‘low-income high-costs’ group have the lowest price response of all groups. As 

Gorham (2002) suggests, this may be taken to mean that households in this group are car dependent, i.e. unable to 

switch to alternative modes due e.g. to residential location, household attributes or commitment to car dependent 

activities. We may also interpret this as suggesting that they are unable to reduce their fuel consumption, as this serves 

some essential purpose. This could be travel to work and income generation, as argued above, although our data does 

not allow us to distinguish between different travel purposes.  

At the same time this finding suggests that, when fuel prices increase, LIHC households tend to maintain their 

demand for travel, presumably cutting back on other expenditure items (or taking up debt – see Walks, 2015). It is 

possible that in doing so they sacrifice other essential expenditure, an hypothesis that is consistent with previous 

research findings (Desjardins & Mettetal, 2012; Deutsch et al., 2015; Ferdous et al., 2010; Froud et al., 2002; Gicheva 

et al., 2007; Taylor et al., 2009). This suggests that the social exclusion effects of fuel price increases extend beyond 

travel, potentially impacting on other life domains (e.g. domestic energy and food consumption). This highlights the 

importance of an approach to ‘oil vulnerability’ that looks beyond just travel and related expenditure.  

From yet another point of view, the finding that LIHC households are more likely than others to maintain their fuel 

demand might explain the pattern observed for the LIHC indicator between 2006 and 2012. It is possible that the 

increase in fuel prices over the period resulted more in a worsening of the economic stress of LIHC households, rather 

than in a switch from other groups to LIHC. In the third step of our study, we will estimate unique price elasticity 

values for each household in the dataset, and model changes in the prevalence of LIHC in different motor fuel price 

scenarios. This will allow us to test this hypothesis, while taking into account both the extent and the depth of car-

related economic stress.  

Overall our analysis has highlighted that there is a socio-economic dimension to transport affordability and 

vulnerability to fuel price increases. While our findings confirm that low-density and rural areas are more vulnerable, 

they also show that within each area certain types of households stand to lose the most from price spikes. Even among 

the low-income group, some households are more likely to spend a disproportionate share of income on motoring, and 

less likely to be able to reduce their car travel or fuel consumption in response to price increases. We argue that such 

insights can help to develop policies to mitigate the vulnerability to fuel price increases, for example by identifying 

targets for intervention.  
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