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Abstract Tolls have increasingly become a common mechanism to fund road projects in

recent decades. Therefore, improving knowledge of demand behavior constitutes a key

aspect for stakeholders dealing with the management of toll roads. However, the literature

concerning demand elasticity estimates for interurban toll roads is still limited due to their

relatively scarce number in the international context. Furthermore, existing research has

left some aspects to be investigated, among others, the choice of GDP as the most common

socioeconomic variable to explain traffic growth over time. This paper intends to deter-

mine the variables that better explain the evolution of light vehicle demand in toll roads

throughout the years. To that end, we establish a dynamic panel data methodology aimed at

identifying the key socioeconomic variables explaining changes in light vehicle demand

over time. The results show that, despite some usefulness, GDP does not constitute the

most appropriate explanatory variable, while other parameters such as employment or GDP

per capita lead to more stable and consistent results. The methodology is applied to

Spanish toll roads for the 1990–2011 period, which constitutes a very interesting case on

variations in toll road use, as road demand has experienced a significant decrease since the

beginning of the economic crisis in 2008.
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Introduction

Tolls have increasingly become a common mechanism to fund road projects (Matas and

Raymond 2003). Improving knowledge of road demand behavior and estimating more

accurately traffic forecasts constitute critical aspects for the evaluation of transport policies

and for the assessment of future investment needs. Therefore, stakeholders involved in toll

road management (governments, private operators, etc.) find it essential to identify the key

parameters influencing road demand, as well as to quantify the strength of the relationships

between traffic and certain socioeconomic variables. However, the state of knowledge

concerning demand behavior for toll roads is still limited, partly because of its scarce

number in the international context (Odeck and Brathen 2008; Matas and Raymond 2003).

Most of the previous research studies have been focused on urban areas (Borjesson et al.

2012; Olszewski and Xie 2005) or on particular tolled sections, such as bridges or tunnels

(Holguı́n-Veras et al. 2011; Hirschman et al. 1995). However, research on interurban toll

roads is scarcer and leaves some aspects insufficiently studied. Among other issues, GDP is

generally the only socioeconomic explanatory variable included in the analysis. Further-

more, the econometric models applied often do not disaggregate toll road traffic into light

and heavy vehicle demand, despite it being clear that the use of the two kinds of vehicles

differs, based on different behavioral patterns. Finally, the impact of an economic crisis on

road demand has hardly been analyzed in the literature.

The aim of this paper is to contribute to a better knowledge of the evolution of light

vehicle demand on interurban toll roads by identifying some of the key socioeconomic

variables influencing traffic behavior. Through an original methodology, we discuss the

suitability and limitations of GDP as a socioeconomic explanatory variable of light vehicle

demand on toll roads, and present alternative variables. The main objective is thus to fill

the research gap found in the literature regarding the socioeconomic variables that better

explain the evolution of light traffic demand over time. Additionally, this paper analyzes

the effects of the economic crisis on light traffic for toll roads, and tests the suitability of

the explanatory variables chosen.

The paper focuses on the Spanish toll road network, which constitutes an interesting

case in the international context. The deterioration of the economic situation in Spain since

2008 has had a great impact on the level of traffic in the toll road network. According to

data from the Spanish Ministry of Transportation (Ministerio de Fomento 2013), traffic has

undergone a reduction of 28 % as compared with the peak reached in 2007. As a conse-

quence, demand on toll roads has returned to levels of 1998, when the toll road network

was 46 % shorter. Revenues of private concessionaires have decreased by 10 % in 2012 as

compared with levels in the previous year, which led the government to take critical

measures to relieve their financial situation. This research discusses whether the significant

reductions in recent years can be considered an anomalous fact when compared to previous

trends.

This paper is organized as follows. After the introduction in ‘‘Introduction’’ section,

‘‘State of knowledge’’ section summarizes the state of knowledge regarding road traffic

analysis, mainly focusing on interurban toll roads. In the ‘‘Methodology’’ section estab-

lishes the methodology of this research, by describing both data series and the panel data

specification used to estimate demand elasticities. In the ‘‘Modeling Results and Discus-

sion’’ section presents and discusses the results. Finally, ‘‘Conclusions and further re-

search’’ section sets out the main conclusions and further research.
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State of knowledge

Evolution of road demand over time has generally been a matter of interest in transport

economics, and numerous studies have been conducted in the last decades to identify the

key parameters influencing travel patterns. The responsiveness of road traffic with respect

to different factors is measured through the concept of elasticity, by definition the relative

change in travel demand induced by a relative change in a certain explanatory variable.

Research studies aimed at calculating the demand elasticity on free and tolled roads are

briefly summarized in the following subsection.

Previous research for free roads

The literature analyzing travel patterns on free roads is extensive, specifically those studies

measuring the influence of fuel prices on road demand. In the 190s, the first research works

appeared which measured the impact of substantial gasoline price rises on fuel con-

sumption and travel demand (Matas and Raymond 2003). More recent studies (Goodwin

et al. 2004; Graham and Glaister 2004; De Jong and Gunn 2001) found that short-run

elasticities with respect to fuel prices commonly range between -0.10 and -0.40, and

typically average about -0.30. Nevertheless, demand elasticity can vary depending on

different factors, such as magnitude of price changes, level of useŕs income, perceived

stability of price changes, or quality of alternatives, among others (Litman 2013). The

percentage that fuel represents on the total cost of driving is also an aspect to be taken into

account when analyzing the influence of fuel costs on travel behavior.

Other studies (Su 2011; Hymel et al. 2010) also mention the significance of the rebound

effect, that is, the additional mileage driven that results from increased fuel efficiency. The

elasticity of road demand with respect to income is also analyzed (Boilard 2010; Goodwin

et al. 2004; Hanly et al. 2002) in urban and metropolitan areas. For Spain, González and

Marrero (2011) have quantified the induced road traffic in Spanish regions, with a short-run

fuel price elasticity of -0.28, but they did not find significant results attributable either to

variations in GDP or in GDP per capita.

Previous research for toll roads

As mentioned above, the literature regarding demand evolution for toll roads is still lim-

ited. After excluding studies in urban areas and special tolled sections (bridges and tun-

nels), only a handful of papers can be found, and they are focused on just a very few

nations, including Spain, Norway, and the United States.

The implementation of tolls on roads can affect different aspects of travel patterns, as

the user may reduce the mileage driven, change the origin/destination of the trip, shift to

alternative modes, etc. (Litman 2013). In the long-term, it could even affect the location of

residential housing, as well as manufacturing and distribution activities. Nevertheless, toll

elasticities can show a wide range of values depending on the different purposes of a trip,

income levels, and overall trip costs, as well as the attractiveness of alternative routes

(Lake and Ferreira 2002). Therefore, the level of toll elasticity can significantly vary

depending on the context, mainly in urban and metropolitan areas. Table 1 includes the

most important previous studies analyzing light vehicle demand in toll roads, both in the

urban and interurban context, and summarizes their main characteristics and results.
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This paper focuses on interurban roads, generally with higher toll elasticities as com-

pared to road traffic in urban contexts, as can be observed in Table 1. These differences

may be caused by the higher cost and the greater percentage of long-distance trips in

interurban road demand. According to the literature, long-distance trips have empirically

shown higher travel demand elasticities than short-distance movements, typically within

urban areas. Mattson (2008) concluded that vehicles operating for longer distances are

more sensitive to changes in gas prices than those travelling shorter ones. Regarding transit

ridership, a study conducted in Australia by Currie and Phung (2008) found that short-run

fuel elasticities for journeys over 25 km were four times higher than those routes below

7 km. Furthermore, Odeck and Brathen (2008) calculated toll elasticities for different

Norwegian roads, with higher values for rural roads than for urban motorways. Therefore,

long-distance trips seem to be more sensitive to changes in generalized transport costs.

This varying responsiveness of long and short-distance trips have been linked (Mattson

2008) to the higher amount of costs—fuel, tolls, etc.—associated with the former, with

long-distance trips providing greater motivation for changing the route, shifting to alter-

native modes of transport, or cancelling the trip altogether.

Next, we summarize the main results of interurban toll roads from the literature, sorted

by country. In the case of the United States, the most consistent research was developed by

Burris and Huang (2011), who analyzed a sample of 12 interurban and metropolitan toll

roads throughout the nation during an 11 year period (2000–2010). They establish an

approach based on time series ADL models, including population, unemployment rate, gas

prices and toll rates as explanatory variables. They found statistically significant results for

light vehicle demand elasticities with respect to gas prices (with a mean of -0.06) and toll

rates (averaging -0.30). As for the socioeconomic variables in the model, short-run

elasticities with respect to population averaged 1.31, while results for unemployment rate

were not completely consistent. On the other hand, the study by Wilbur Smith (2008) for

the North Texas Tollway Authority focused on the potential impacts that gas prices can

have on toll revenues rather than solely on travel demand.

Regarding Norway, Odeck and Brathen (2008) calculated the elasticity of travel de-

mand in 19 Norwegian toll road projects, including cordon toll rings, tolled trunk roads

between cities and tolled roads in peripheral regions. Explanatory variables considered in

the analysis were generalized transport costs, household income and toll rates. Detailed

results were only provided for the last variable, with short-run toll elasticities of motorways

around -0.40 and -0.48. Furthermore, Odeck and Kjerkreit (2010) provided further in-

sight into userś attitudes towards charges for road user by examining 6 different Norwegian

toll schemes.

For the case of Spain, the study on the tolled motorway network by Matas and Raymond

(2003) can be considered as the most significant. For the 1979–1997 period, they develop a

panel data approach, showing an average demand elasticity of around -0.30 with respect

to both gasoline prices and to toll rates. National GDP is the socioeconomic variable

chosen in the analysis, with a demand elasticity of 0.89. More recently, results for Spain

have been updated by Matas et al. (2012). In their new research paper, that included the

1980–2008 period, they obtained toll elasticities—between -0.15 and -0.49—, while

short-run elasticities with respect to gasoline prices and GDP were, respectively, -0.39

and 0.75. The authors pointed out that it is often unrealistic to assume a constant elasticity,

as it can vary depending on such factors as road capacity constraints. Furthermore, Cantos

and Álvarez (2009) analyzed demand behavior in the radial toll roads in Madrid, while

Álvarez et al. (2007) calculated the value of time and travel elasticities for both a Spanish

toll motorway and its free parallel road. In this case, short-run elasticities concluded a

Transportation (2016) 43:677–703 681
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substantial influence of toll prices (-0.54) and GDP (0.83) on road demand, with a lower

value for fuel prices (-0.06).

As can be seen, the existing literature on interurban toll roads leaves some aspects to be

investigated. First, GDP is generally the only socioeconomic variable included in the

analysis for light vehicle demand. In this respect, it is necessary to assess to what extent

GDP constitutes a suitable explanatory variable for toll road demand, and to explore other

possible alternatives. Furthermore, few researchers (Burris and Huang 2011) have analyzed

the impact of an economic crisis on toll road demand. For the case of Spain, no previous

studies have addressed this particular question.

Methodology

This section presents the data collected for the analysis of light vehicle demand on Spanish

toll roads, as well as the methodology we followed to develop the dynamic panel data

approach.

Previous data analysis

In order to estimate the demand equation for light vehicle traffic, we establish a dynamic

panel data corresponding to 14 Spanish toll roads observed between 1990 and 2011. The

sample includes those toll highways whose traffic data series are sufficiently long for the

statistical approach adopted in this paper, which analyzes—as shown later—the evolution

of demand elasticity values as the time period becomes longer. Other existing tolled

sections in Spain—those toll highways resulting from the second phase of tender offers in

the Spanish toll network, whose operation started after 1998—provide traffic data series

too short to be usefully considered in the analysis. All the toll highways in the sample have

a free parallel conventional road that competes with it. The analysis then focuses on toll

roads for which a free alternative of lower quality exists, characteristics of which have kept

constant during the period analyzed. Additionally, competing alternative modes have re-

mained almost unchanged for the sample selected. Use of only two toll highways may be

influenced by the new high-speed rail services operating between Madrid–Valladolid and

Madrid–Barcelona since 2007 and 2008, respectively. The toll roads included in the study,

and new high speed services implemented in Spain, do not generally belong to the same

travel demand corridor. For the only two cases where toll road demand may have been

affected by new rail services, the effect can be considered limited as the implementation of

high speed rail may only affect 4–6 observations in a sample with a total of 294 obser-

vations. Then, it can be assumed that they do not provide a lot of insight, and their effect on

the results is expected to be very limited. Additionally, passenger transport in Spain mainly

corresponds to road transport (91.5 % of total passenger-km in 2012), whose percentage is

even greater when considering only land transport (94.3 % of total passenger-km in 2012).

Therefore we have not taken into account competing modes in the model, given the size of

the sample and the length of the period covered (1990–2011) in the analysis.

The dependent variable of the demand equation is the annual average daily traffic

volume (AADT) for light vehicles in each toll road. These data have been collected from

the statistics of the Spanish Ministry of Transportation (Ministerio de Fomento 2012).

Although traffic data from shorter tolled sections were available—approximately, every

20 km-, only the data for the entire length of a toll road has been considered in order to
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avoid spatial correlation problems in the models, since data from short sections of the same

highway are highly dependent on each other. That is, traffic volumes from consecutive

road sections are very similar and clearly related to each other.

Three kinds of explanatory variables have been included in the demand equation (see

Table 2): demand variables of previous years, socioeconomic variables and generalized cost

ones. The demand variable (AADT(-1)) consists of a lag of the traffic volume, a term needed

due to the dynamic nature of the panel. For socioeconomic variables, three alternatives have

been considered: GDP, employment, and GDP per capita. These data have been collected

from the Spanish National Statistics Institute (INE). Other socioeconomic variables, such as

population and size of vehicle fleet, have been discarded for two main reasons. Firstly, they

are highly correlated with other socioeconomic variables included in the model. And sec-

ondly, weaker relations with traffic evolution were observed when compared to other ex-

planatory variables considered, especially after the beginning of the crisis.

As mentioned before, three kinds of explanatory variables are included in the demand

equation: previous demand, socioeconomic variables, and generalized cost variables.

Specifically, it incorporates a lag of the traffic volume (AADT(-1)), a Socioeconomic

variable and two Generalized cost parameters (Toll and Fuel), which results in a total of

four categories of independent variables:

AADT ¼ f ðAADTð�1Þ; Socioeconom:; Toll; FuelÞ ð1Þ

According to Table 2, the analysis often considers alternatives within these four categories,

mainly in the socioeconomic one. This methodology allows us to calibrate several versions

of the model just by taking one variable in each category presented for the demand

equation. Therefore, by running all the available combinations of variables, we can

establish up to 12 different versions of the model specification we propose. This variability

improves the analytical capability of the methodology applied. Further details about both

the demand equation and the methodology specification are provided in ‘‘Dynamic panel

data methodology specification’’ section. Additionally, a precise definition of each variable

included in Table 2 is presented in the Appendix.

Concerning socioeconomic variables, two levels of data have been considered in the

analysis: the provincial level and the national level. With the aim of better understanding

Table 2 Explanatory variables included in the analysis

Dependent
variable

Explanatory variables

Previous
demand

Socioeconomic Generalized cost Location in
the country

Toll Fuel

AADT (light
vehicles)

AADT
(-1)

GDP
(provincial)

Toll rates (light
vehicles)

Fuel Price: Gasoline and
diesel prices (€/l)

Coast

GDP (national)

Employment
(prov.)

Employment
(national)

Fuel cost: Fuel prices &
Efficiency (€/km)

Interior

GDP per capita
(prov.)

GDP per capita
(national)
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the influence of local socioeconomic characteristics on light vehicle demand, data have

been collected at the provincial level. In Spain, a province is a geographical and political

subdivision of a region. Each toll road is assigned the socioeconomic data from the various

provinces it crosses, as detailed in the Appendix. Furthermore, data at the national level has

also been tested, since the panel analysis comprises different toll roads spread throughout

the country. National parameters are expected to constitute a good proxy for socioeco-

nomic data, not for any particular road, but for the panel as a whole. Likewise, national

data may be a satisfactory explanatory variable, as a significant part of light vehicle traffic

in Spanish toll roads makes long trips, generally less related to local activities. Monetary

socioeconomic variables (GDP and GDP per capita) have been deflated by the consumer

price index (CPI) to reflect their real value over time.

With regard to economic variables, historical toll rates—expressed in euro/km—were

collected from the statistics by the Spanish Ministry of Transportation (Ministerio de

Fomento 2012). As for fuel cost, two simplifications have been effected when including

this variable in the analysis. First, gasoline and diesel prices—expressed in euro/liter—

have been taken together to create a Fuel price variable. To that end, both values are

weighted by the proportion of gasoline and diesel light vehicle fleet for each year in the

1990-2011 period in Spain. And second, in order to include the rebound effect and reflect

real fuel costs when driving (euro/km), an alternative variable called Fuel cost incorporates

values of fuel consumption (liter/km) for light vehicles. For calculating fuel consumption

over the 1990–2011 period, we introduce linear improvements in fuel efficiency, from

average 1990 values provided by the Ministry of Transportation (MOPU 1990), to current

levels, as supplied by the Ministry of Industry (Idae 2011). This way, we include the

progression in fuel efficiency experienced during the 1990–2011 period in Spain. Both toll

rates and fuel prices/costs have been adjusted for inflation by using the CPI.

As shown in Table 2, the model includes an explanatory variable to indicate the location

of the toll road within the country. Although we usually work with the whole sample,

separate analyses have been conducted for coastal and interior roads in Spain. Our analysis is

intended to identify potential differences in traffic trends depending on the location of the toll

road. Traditionally, the economy in coastal regions (Catalonia, Valencia, Andalusia, etc.) has

been highly dependent on local activities such as tourism. Road traffic in these regions

experiences significant peaks during the summer time and at Easter, and is expected to be

greatly influenced by tourist demand. By contrast, toll roads in the inner part of the peninsula

generally pass through less developed areas, with low population density, so their traffic is

expected to be influenced more by the general status of the economy in the country. Then, it

may happen that light traffic along coastal roads is better explained by provincial socioe-

conomic variables, whereas traffic along interior roads is better explained by national data.

This distinction tries to evaluate what explains differences in toll road demand in coastal and

interior areas, particularly with respect to both national and provincial socioeconomic data.

At this point, we want to emphasize the analytical capability of our methodology. Given

the explanatory variables considered according to Table 2, the panel data allows us to

calibrate up to 36 different versions of the model, if we take into account the 3 possibilities

regarding the size of the sample. Numerous and quick cross-comparisons of elasticity

estimates can be made in order to identify the most suitable explanatory variables of light

vehicle demand.

Table 3 provides an overview of the evolution of some of the provincial socioeconomic

variables for the toll roads selected before and after the economic recession. It shows the

information for three significant years in the sample: the starting point (1990), the peak

reached just before the economic crisis (2007), and the ending point (2010) because

684 Transportation (2016) 43:677–703

123



information for 2011 at this level was not available at the time of the writing of this paper.

Figures show the long and strong economic growth experienced in Spain during the

1990–2007 cycle, when national GDP increased by 78.0 %. For the provinces crossed by

the toll roads selected, information presents average growth rates of 76.4 % for GDP,

50.2 % for employment and 55.4 % for GDP per capita. This period of prosperity has been

followed by a slowdown that entailed a deterioration of the overall economic performance

since 2008. National GDP fell by 7.4 % between 2007 and 2011. Provincial socioeconomic

data also experienced significant average reductions from 2007 to 2010 for GDP (-5.2 %)

as well as for employment (-8.9 %) and GDP per capita (-8.5 %).

Light vehicle demand has experienced trends similar to those of socioeconomic vari-

ables. For the selected toll roads, demand rose on average by 146.8 % over the period

1990–2007, which was in line with the economic growth in the country. Since the crisis

began, the trend has changed, and traffic levels in 2010 were 9.9 % lower than the peak

reached in 2007. These sharp variations observed in the toll road network during the last

20 years make Spain an interesting case to be analyzed, as well as a way to test the

robustness of the models.

Dynamic panel data methodology specification

In this section we present a dynamic panel data methodology for studying the behavior of

light vehicle demand in toll roads. It allows us to estimate short-term demand elasticities

with respect to explanatory variables included in Table 2. All variables are expressed in

logarithms. The form proposed for the estimation models is:

AADTit ¼ gi þ kAADTi;t�1 þ b1Fuelt þ b2Tollit þ b3Socioecit þ eit ð2Þ

With provincial socioeconomic data: t = 1990,…, 2010; i = 1,…, 14

With national socioeconomic data: t = 1990,…, 2011; i = 1,…, 14

Given the dynamic nature of the analysis, the equation includes a lag of the demand

variable (AADTt-1). Fuel denotes fuel costs assumed by users, expressed either in euro/

liter or euro/km. Tollit denotes the toll rate (euro/km) applied in road i for year t. Finally,

Socioecit denotes different socioeconomic data (GDP, Employment and GDP per capita)

assigned to road i, either at the provincial or national level. Regarding the rest of the

parameters, bk is the short-run elasticity of road demand with respect to explanatory

variable k; k measures possible autocorrelation in traffic data series; gi denotes unobserved

individual effects, that is, constant and specific factors for each tolled road, not accounted

for by in the rest of the variables in the model; finally, eit is the residual or idiosyncratic

error.

Regarding initial conditions, we assume (Blundell and Bond 1998) that gi and eit are
independently distributed across i and have the familiar error components in which:

EðgiÞ ¼ 0;EðeitÞ ¼ 0;Eðgi eitÞ ¼ 0 for i ¼ 1; . . .;N and t ¼ 2; . . .; T ð3Þ

Eðeit eisÞ ¼ 0 for i ¼ 1; . . .;N and 8t 6¼ s

In addition, there is the standard assumption concerning the initial conditions of the de-

mand variable, included in (4). According to Blundell and Bond (1998), these conditions

imply moment restrictions that are sufficient to identify and estimate gi in a dynamic panel

data for T C 3, as it is in our case.
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EðAADTi1 eitÞ ¼ 0 for i ¼ 1; . . .;N and t ¼ 2; . . .; T ð4Þ

As pointed out by Graham et al. (2009), the main issue to be addressed in the context of

dynamic panel estimation is correlation between the lagged dependent term (AADTi,t-1)

and the unobserved cross-section individual effects (gi). This fact greatly limits the use of

the estimators to be applied. The ordinary least squares (OLS) estimator for k is then

inconsistent (Hsiao 1986; Bond 2002) and biased upwards, at least in large samples

(Nickell 1981; Blundell et al. 2000). The Within Groups (WG) estimator eliminates this

source of inconsistency by transforming the equation to eliminate gi, but gives an estimate

of k that is biased downwards, especially in short panels (Blundell and Bond 1998; Bond

2002). Therefore, a consistent estimate of k can be expected to lie between the OLS and

WG estimates (Arellano and Bond 1991; Bond et al. 2001).

Better estimates can be calculated with a generalized method of moments (GMM)

approach, proposed by Arellano and Bond (1991). Within this technique, Eq. (2) is dif-

ferenced to eliminate the individual effects:

DðAADTitÞ ¼ k DðAADTi;t�1Þ þ b1 DðFueltÞ þ b2 DðTollitÞ þ b3 DðSocioecitÞ þ Deit ð5Þ

In this expression, we find that D(AADTi,t-1) is correlated with Deit, since AADTi,t-1 and

eit-1 are clearly correlated. Therefore, the condition of moment restrictions expressed in

(4) cannot be fulfilled. To solve this problem, Arellano and Bond (1991) adopted the so-

called difference GMM estimator (GMM-DIFF), which includes an instrumental variables

(IV) approach. The GMM-DIFF estimator assumes that values of the dependent variable

lagged two periods or more (AADTi,t-s, for s C 2) are valid instruments for the lagged

dependent variable in the differenced equation, D(AADTi,t). That is, assuming a set of

instrumental variables which are correlated with D(AADTi,t-1) but orthogonal to the dif-

ferenced residuals Deit, we can establish a set of moment conditions that would be satisfied

by the true values of the parameters to be calculated (Graham et al. 2009). Then, the

moment conditions are defined as:

EðAADTi;t�s DeitÞ ¼ 0 for t ¼ 3; . . .; T and s� 2 ð6Þ

In this respect, if we assume an absence of serial correlation, in the differenced Eq. (5) we

find that, for t = 3, AADTi,1 will be correlated with D(AADTi2) but orthogonal to Dei3, so
that it can be used as an instrumental variable. Equally, for t = 4 D(AADTi3) can be

instrumented by AADTi1 and AADTi2, and so on. Then, it can be easily noted that an extra

valid instrument is available with each additional time period. Nevertheless, due to some

problems that can arise when too many instruments are considered (Roodman 2009), we

have opted for using only the first lag available in each time period. Furthermore, ac-

cording to Judson and Owen (1999), limiting the number of instruments does not mate-

rially reduce the performance of this technique.

The GMM-DIFF approach generates consistent and efficient estimates of the parameters

(Rey et al. 2011), among other attractive properties noted in the literature (Graham et al.

2009). However, it suffers from very low precision in particular situations with finite

samples (Kiviet 1995), mainly for highly autoregressive panel series. As pointed out by

Blundell and Bond (1998), the instrumental variables estimator performs poorly as the

value of k increases towards unity, particularly at values around and above 0.8. In these

cases, lagged levels AADTi,t-s become weak instruments in the differenced Eq. (5), which

can result in serious problems of bias.
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To overcome the weak instrument problem for persistent series, Arellano and Bover

(1995) and Blundell and Bond (1998) suggested a system GMM estimator (GMM-SYS).

This approach establishes a system of equations in both first differences and levels, where

the instruments used in the levels equations are lagged first differences of the series. It

allows yielding (T-2) additional moments:

E eit DðAADTi;t�1Þ
� �

¼ 0 for t ¼ 3; . . .; T ð7Þ

Exploiting these additional moment conditions can produce some advantages in cases

where the autoregressive parameter is only weakly instrumented. Among other issues, the

GMM-SYS approach can reduce the finite sample bias of results, improves the precision

and constitutes a more efficient estimator (Arellano and Bover 1995). However, despite

being smaller, the finite sample bias of the GMM-SYS estimator is generally upwards, in

the direction of OLS levels (Blundell and Bond 1998). Finally, it must be noted that the

most suitable technique in each case can change depending on the size of the panel (Judson

and Owen 1999).

The most widely used tests to check the validity of hypotheses assumed in GMM

estimators are the m1 and m2 tests, as well as the Sargan test (González and Marrero

2011). The m1 and m2 tests, proposed by Arellano and Bond (1991), detect first and

second-order serial correlation problems in Deit, respectively. Both tests are generally used

to check that no serial correlation is observed in the estimated residuals eit, by meeting

certain requirements (see ‘‘Robustness of results’’ section). Basically, there should be

evidence of negative first-order correlation and no evidence of second-order correlation in

Deit (González and Marrero 2011). Not fulfilling the needed requirements in m1 and m2

tests can reveal inconsistency of estimates (Garı́n-Muñoz 2006) or the possibility of im-

proving the instruments chosen (Rey et al. 2011).

Additionally, the Sargan test checks the validity of the instruments used in the model. It

is asymptotically distributed as a Chi square under the null of instrument validity, and

detects possible correlation between the instruments and differenced residuals Deit. It is a
test of over-identifying restrictions, so that not rejecting the null is consistent with valid

instruments. However, as noted by Böckerman et al. (2009), the Sargan test can have

extremely low power when using too many instruments in the GMM model, so that results

from the test should be interpreted with care (Graham et al. 2009). In order to limit this

problem, we have adopted the alternative procedure proposed by Roodman (2009) con-

sisting of using only the first lag instead of all available lags for instruments in the demand

equation.

Further details about validity tests used in this paper are displayed in ‘‘Robustness of

results’’ section analyzing robustness of results.

Modeling results and discussion

This section summarizes the main findings from the analysis of light vehicle demand

evolution over time applied to Spanish toll roads. First, general aspects of the panel data

approach adopted in this paper are shown in ‘‘General aspects’’ subsection. Next, ‘‘Ana-

lysis of explanatory variables influencing light vehicle demand’’ section presents the main

results of travel demand elasticities and discusses the suitability of explanatory variables

considered in the specification model. ‘‘Summary of results’’ section displays a summary
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of the results previously estimated. Finally, the robustness of results is discussed in

‘‘Robustness of results’’ section.

General aspects

This paper develops an original approach in order to analyze travel demand evolution over

time and identify the key explanatory variables influencing road traffic. This research is

based on estimating short-run demand elasticities with a panel data specification. Never-

theless, we include some new aspects in the analysis:

– Stability of results is checked by gradually calibrating new runnings of the model with

a longer time period considered in the analysis. Thus, the traditional static approach

that presents elasticity results for a specific period is replaced by a dynamic approach,

including the evolution of demand elasticities over time, when the time period is

gradually extended. In this respect, those variables with poor stability and significant

variations in their demand elasticities over time can be considered as unsuitable to

explain the evolution of travel demand in the long term.

– As mentioned in ‘‘Methodology’’ section, the methodology includes a great variety of

explanatory variables with regard to socioeconomic data, hypotheses about fuel costs,

location of the toll road, etc. This variation enables us to run many different versions of

the model and hence to make a direct and deeper comparison of available alternatives

within the panel data specification. This analysis facilitates the identification of the

variables that explain road demand evolution in a better way.

– Very few studies (Burris and Huang 2011) have included the period of economic crisis

in the analysis of toll road demand. Studying such an interesting case as the Spanish

tolled network allows testing the robustness of the results when the economic outlook

changes dramatically.

The great diversity of versions within the model presented in the methodology makes it

impractical to show the results for each and every one of the calibrations available. Instead,

our research focuses on the behavior of some variables, especially the socioeconomic ones,

due to their great explanatory potential for road demand. Furthermore, different figures

below summarize the evolution of short-run demand elasticities as described above, in

order to make the presentation of the analysis both more appealing and more easily

grasped. The following subsection presents and discusses the most interesting results from

all the runnings of the model considered in the analysis.

Analysis of explanatory variables influencing light vehicle demand

This subsection summarizes the estimates of elasticities of light vehicle demand by using

the panel data methods described before (OLS, WG and GMM), when taking into account

all the variables considered according to Table 2. Results are sorted by socioeconomic

variable (GDP, Employment and GDP per capita) as they may constitute the key ex-

planatory variable of demand behavior.

Table 4 includes detailed results for the most common estimates of toll road demand in

the literature, considering applicable local (i.e., according to province) GDP, toll rates, and

fuel prices (€/l) as explanatory variables for the 1990–2010 period. According to Arellano

and Bond (1991) and Bond et al. (2001), the k estimates for OLS-pool (0.975) and WG

(0.311) are biased upwards and downwards, respectively. Regarding the GMM-DIFF es-

timator, the elasticity result (0.436) comfortably falls between that of OLS and WG, and is
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significantly different from zero. However, the k estimate for the GMM-SYS estimator

(0.917) is very close to that from the OLS-pool, which suggests some kind of bias in the

results. It has been a circumstance frequently met along the analysis, so in the end we have

chosen the GMM-DIFF approach for the analysis. Some reasons support this choice. In this

particular case, problems regarding persistence of series are not found with GMM-DIFF

estimators, as k estimates for all the runnings of the model developed below range from

0.310 to 0.596, clearly lower than 0.8. Furthermore, our case constitutes a long panel, with

at least T = 21. Finally, choosing a GMM-DIFF approach rather than a GMM-SYS

method limits some problems arising when robustness tests are applied (see ‘‘Robustness

of results’’ section).

For the particular case shown in Table 4, as well as for the results presented below,

detailed comments addressing the robustness of the estimates are displayed in ‘‘Robustness

of results’’ section.

Previous studies often conclude their research at this point. We now introduce some

variability in the analysis by calibrating new runnings of the model specification with time

periods progressively extended over time. An illustrative example of how the results are

displayed can be seen in Fig. 1. It shows elasticity results from models including GDP by

province, toll rates and either fuel prices (Fig. 1a) or fuel costs (Fig. 1b) as explanatory

variables. Furthermore, each subfigure reveals how short-run demand elasticities vary

when the time period being considered changes over time. The y-axis measures demand

elasticities. The x-axis indicates the last year considered in the time period, taking 1990 as

the starting point, so it allows for analysis of the evolution of travel elasticities when an

additional year is included in the model. Therefore, subfigures show how elasticity results

change when the time period gradually varies from 1990–2000 to 1990–2010. It can be

easily seen that results shown in Table 4 are displayed in Fig. 1a (fuel prices) in the right-

hand side, specifically for x = 2010. As can be noted, all the elasticities have the expected

sign: positive for GDP, and negative for both Toll and Fuel prices.

We want to draw attention to the great analytical capability of Fig. 1. As can be seen, it

enables a quick and simultaneous comparison of the results for 22 different runnings of the

model (11 runnings per subfigure). This approach is useful to analyse elasticity evolutions

over time, observe trends and identify key explanatory variables.

In analyzing the results from Fig. 1, some questions arise. As for the influence of fuel—

both prices and costs—on light vehicle demand, it can be noted that traffic elasticities

Table 4 Estimation of short-run travel demand elasticities for the 1990–2010 period, through different
panel data estimators

OLS-pool WG fixed effects GMM-DIFF GMM-SYS

Estimate p value Estimate p value Estimate p value Estimate p value

AADT (-1) 0.975 0.0000 0.311 0.0000 0.436 0.0000 0.917 0.0000

GDP (prov.) 0.004 0.4175 0.941 0.0000 0.596 0.0000 0.028 0.2162

Fuel prices -0.206 0.1716 -0.145 0.0098 -0.129 0.0090 -0.101 0.2128

Toll -0.037 0.0000 -0.214 0.0000 -0.400 0.0000 -0.103 0.0134

R2 0.9946 – 0.4289 – – – – –

m1-test – – – – -1.821 0.0342 -1.895 0.0290

m2-test – – – – 0.554 0.2896 -0.546 0.2926

Sargan test – – – – 14.0 0.7290 14.0 1.0000
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experience limited variation when including improvements in fuel efficiency. Demand

elasticities with respect to fuel prices (see Fig. 1a) and fuel costs (Fig. 1b) present values

of the same order of magnitude in most of cases. Particularly before including year 2005 in

the analysis, fuel elasticities in Fig. 1a lie between -0.10 and -0.20, while values in

Fig. 1b are often near zero and not statistically significant. These findings are in line with

the results concluded by Burris and Huang (2011) and Álvarez et al. (2007). It is also

important to note that the other explanatory variables in the model (GDP, toll) present only

comparatively small changes and clearly exhibit the same trend in both subfigures. Since

fuel costs (€/km) provide a more realistic approach of fuel influence on travel demand than

simply considering fuel prices (€/l), and given the limited influence in the rest of the

estimation results, this is the option adopted from this point onwards.

Figure 2 includes results for short-run demand elasticities when considering GDP as the

socioeconomic variable in the model, either at the provincial or national level. It therefore

enables quick and visual comparison of model estimations when taking provincial or

national socioeconomic data. Both cases show very similar results. Regarding demand

elasticities with respect to GDP, three distinct periods emerge. Until 2004, demand elas-

ticity moves around 0.8–1.0, which is in line with previous studies for toll roads in Spain
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Fig. 1 Demand elasticities (short-run) when considering fuel prices (left) and fuel costs (right) in the model
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(a) Socioeconomic data at the provincial level
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Fig. 2 Demand elasticities (short-run) when considering provincial GDP (left) and national GDP (right) as
the socioeconomic variable in the model
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(Matas et al. 2012; Matas and Raymond 2003). These results corresponded to the peak in

the economic growth experienced by Spain during the 1990s and early 2000s. Next, a

decline in GDP estimates is observed when gradually including the 2004–2009 period.

Elasticities tend to decrease, from almost 1.0 in 2004 to values near 0.4 after incorporating

2009. These years corresponded to a slowdown in the long and deep period of economic

growth in Spain. That decrease makes clear that, once a certain level of economic de-

velopment is reached, further increments in growth consecutively cause smaller increases

in road traffic. Finally, GDP elasticities rise again after the beginning of the economic

crisis, with values around 0.6.

Figure 2 evidences that demand elasticity with respect to GDP experiences great

variability over time. The results support that, as pointed out by Matas et al. (2012), it is

often unrealistic to assume a constant elasticity over time for certain explanatory variables.

GDP elasticities move from 0.45 to 0.96 when considering provincial data, and range from

0.40 to 0.98 when choosing GDP data at the national level. This significant variability in

demand elasticities lessens its usefulness in explaining traffic behavior in the long term and

to make traffic forecasts, since the relationship between both variables shows little stability

over time. This makes evident that GDP does not represent the most suitable explanatory

socioeconomic variable to be considered for light vehicle demand on toll roads.

Figure 2 also demonstrates that light vehicle behavior during the crisis on Spanish toll

roads cannot be considered an anomaly, despite sharp reductions suffered since 2007. GDP

elasticities in recent years move within the usual range of values of previous years and,

therefore, nothing can be concluded in this respect. Furthermore, we want to point out that

Fig. 2a and b present quite similar results. We could initially expect better results for data

displayed according to province, as there is a stronger relationship with local specific

factors for each road. Nevertheless, GDP data at the national level have also been shown to

be a good proxy for the whole tolled network. Furthermore, this good performance of

national GDP as explanatory variable can be attributed to the high share of long-distance

trips in the tolled high capacity network, less influenced by local effects.

Now we are going to focus on demand elasticities with respect to toll rates and fuel

costs. Toll elasticities show a quite stable trend, with values moving from -0.20 to -0.41,

which is consistent with previous research (Matas et al. 2012; Burris and Huang 2011;

Odeck and Brathen 2008). This behavior is likely caused by the fact that real toll rates in

the sample remain constant, as toll rates in Spain are usually adjusted through inflation. It is

also noted that toll elasticities tend to increase over time, especially when the most recent

years (2008–2011) are added and, consequently, the price-sensitivity of users seems to

have considerably risen since the beginning of the economic crisis. Nevertheless, this result

needs to be reinforced through a model specification explicitly taking account of temporal

variation of elasticities, as shown below. Regarding fuel elasticities, greater variations are

observed. Estimates move from 0.0 to -0.31, not being far from zero in most of the

versions of the model, as in Burris and Huang (2011). Thus, toll elasticities are generally

above fuel ones. This result suggests that useŕs perception of the burden of tolls seems to be

higher than that for fuel costs.

In this respect, a comprehensive analysis of potential differences in userś attitudes

towards tolls and fuel costs has scarcely been addressed in the literature. Only some

remarks from previous studies have been found. Matas and Raymond (2003) wondered

about reasons why users may react differently to changes in a discrete and fixed cost, such

as tolls, and changes in per-km costs, such as fuel prices. They gave as estimates similar

values of demand elasticities for both components of generalized transport cost, but noted

that toll elasticities can vary greatly depending on the quality of the free alternative road.
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Burris and Huang (2011), however, found that the magnitude of the elasticity estimates

with respect to toll rate was generally larger than that for gas price. They explained that

‘‘this makes sense as increases in the toll price can only be avoided by no longer taking the

toll route, while increases in the price of fuel may be mitigated by driving more fuel

efficient vehicles or by switching routes’’. Similarly, toll elasticities (-0.54) calculated by

Álvarez et al. (2007) regarding light vehicle demand were significantly higher than that for

fuel costs (-0.06). Despite being far from conclusive, our results seem to be in line with

previous studies concerning demand responsiveness to tolls and fuel costs.

Figure 3 includes elasticity estimates when considering Employment as the key so-

cioeconomic variable in the model, either at the provincial (Fig. 3a) or the national level

(Fig. 3b). Unlike GDP, results for Employment show great stability when gradually

varying the time period. Demand elasticities move from 0.54 to 0.72 with provincial data,

and from 0.49 to 0.78 when taking national data. Again, demand elasticities when in-

cluding the crisis are of the same order of magnitude as that of previous years, so traffic

reductions in Spanish toll roads cannot be considered anomalous.

Stability of elasticity results, even when incorporating the crisis, demonstrates that

Employment constitutes a suitable explanatory variable for light vehicle demand. This

contrasts with results shown for GDP elasticities, where there is greater variability over

time. There seems to be some reasons behind that. While GDP is made up of the aggre-

gation of different and heterogeneous sectors of the economy, Employment could be a

better proxy for income and mobility. This variable does not refer to all the potential users

of a toll road—that is, the whole population—but only to those who are employed, gen-

erally with higher income and greater mobility potential.

Results for toll and fuel elasticities are similar to those concluded for Fig. 2. Toll

elasticities present a fairly level trend over time, slightly increasing when we include the

period of the economic crisis. Elasticities with respect to fuel costs, moving between -0.17

and -0.38, show higher values when compared with Fig. 2. Although the relative position

of toll and fuel curves can change over time, both elasticities now show similar values.

Figure 4 includes short-run elasticity results when GDP per capita is the socioeconomic

variable in the model. It constitutes the most solid alternative, as all demand elasticities—

socioeconomic, tolls and fuel costs—present very constant results over time. GDP per

capita turns out to be a very stable socioeconomic variable. Elasticities run from 0.77 to
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Fig. 3 Demand elasticities (short-run) when considering provincial employment (left) and national
employment (right) as the socioeconomic variable in the model
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0.98 with data displayed according to provinces, and from 0.94 to 1.18 with national data.

Despite some extra volatility experienced when including the economic crisis, the relation

of GDP per capita to toll road demand can be considered highly satisfactory.

Elasticities with respect to toll rates and fuel costs also show significant stability. Trends

of toll elasticities are very constant and values move around -0.20, while those for fuel

elasticities are lower and lie between 0.0 and -0.15. These results support the notion that

the average useŕs perception of tolls seems to be higher than that for fuel costs.

Analysis of temporal variation in travel demand elasticities

Figures 1, 2, 3 and 4 show the evolution of demand elasticities over time for the toll roads

selected. This visual display of information can be complemented with a statistical analysis

explicitly considering temporal variation in the results. In order to do this, a dummy

variable is included in (8) to test whether, as expected from figures previously shown,

statistically significant changes over time can be observed for certain demand elasticities,

such as GDP.

AADTit ¼ gi þ kAADTi;t�1 þ b1Fuelt þ b2ðFuelt � d2005�2011Þ þ b3Tollit þ b4ðTollit
� d2005�2011 Þ þ b5 Socioecit þ b6ðSocicoec � d2005�2011Þ þ eit

ð8Þ

d2005�2011
¼ 0 for: t = 1990,. . .; 2004; i = 1,. . .; 14
¼ 1 for: t = 2005,. . .; 2011; i = 1,. . .; 14

Through the d2005–2011 dummy variable, the model measures potential structural changes in

demand elasticities for 2005–2011 when compared to the previous period (1990–2004). It

allows us to test whether demand elasticities in Spain were significantly different between

periods of prosperity (1990–2004), and economic slowdown and recession (2005–2011).

Although a separate analysis for the period of economic crisis (2008 forward) would be

desirable, it has not been possible due to the paucity of data, as only information up to 2011

is available. Just analysing the 2008–2011 period would result in a panel specification with

T = 4. According to Bond et al. (2001), the GMM estimator has been found to have poor
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Fig. 4 Demand elasticities (short-run) when considering provincial GDP per capita (left) and national GDP
per capita (right) as the socioeconomic variable in the model
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finite sample properties in terms of bias and imprecision, so its use is not sufficiently

reliable when T gets smaller. In these cases, the scarcity of instruments may lead the GMM

estimator to be subject to a large downward bias (Blundell and Bond 1998), which suggests

the need for caution concerning the time length in the panel.

The dummy variable d2005–2011 is applied to both socioeconomic and generalized cost

variables (fuel, toll), with the aim of measuring potential changes in userś responsiveness

to costs when changes in the economic environment occur. Results are summarized in

Table 5, sorted by the socioeconomic variable chosen (GDP, Employment, GDP per

capita) included in the model.

From the results above, some interesting conclusions can be obtained, in line with

Figs. 2, 3 and 4. Despite being limited, a structural change is observed for GDP elasticities

from 2005 onwards. After the long period of prosperity in the Spanish economy, the GDP

elasticity has experienced a statistically significant decrease of 8.0 %. By contrast, elas-

ticities with regard to other socioeconomic variables (Employment, GDP per capita) cannot

be concluded to have structurally changed in the last years, since the parameter (So-

cioec. 9 d 2005–2011) is not statistically significant for them. This fact support the notion

noted below that GDP does not represent the most suitable explanatory socioeconomic

variable to explain light traffic evolution due to its variability. Other explanatory variables

have displayed a better performance in the sense of showing a stable relationship with light

vehicle demand evolution over time.

Regarding generalized costs of transport, toll elasticities present similar results in all

cases, around—0.25, which is in line with previous studies of interurban toll roads. Despite

noticeable increases observed in the most recent years (see Figs. 1, 3) for which data is

available, toll elasticities have not statistically changed during the economic slowdown and

recession, as the (Toll 9 d2005–2011) parameter shows. Results for fuel costs are less

conclusive. In this case, elasticities present greater variability and are often not statistically

different from zero. Neither is the analysis of potential structural changes over time

conclusive, likely due to the volatility of fuel elasticities. As a result of this analysis, we

cannot firmly conclude that, for the case of Spanish toll roads, userś responsiveness in the

Table 5 Estimation of short-run demand elasticities for the 1990–2011 period, enabling temporal variation
for demand elasticities

Socioec. = GDP Socioec. = Employment Socioec. = GDP per capita

Estimate p value Estimate p value Estimate p value

AADT (-1) 0.444 0.0000 0.466 0.0000 0.429 0.0000

Socioec. 0.813 0.0003 0.714 0.0000 1.004 0.0000

Socioec. 9 d2005–2011 -0.065 0.0393 0.068 0.1533 0.111 0.2316

Toll -0.276 0.0000 -0.336 0.0000 -0.239 0.0000

Toll 9 d2005–2011 0.087 0.1459 0.024 0.7568 -0.019 0.7359

Fuel cost -0.103 0.1768 -0.268 0.0001 -0.007 0.9057

Fuel cost 9 d2005–2011 -0.324 0.0005 0.195 0.0083 0.063 0.1500

m1-test -1.561 0.0493 -2.041 0.0205 -1.763 0.0388

m2-test 0.815 0.2076 -0.381 0.3514 0.232 0.4081

Sargan test 14.0 0.5987 14.0 0.7836 12.0 0.6671
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last few years has varied significantly when compared to the earlier period of economic

growth.

Analysis of variation in travel demand elasticities depending on the location
of the toll road

As previously mentioned, light vehicle demand in coastal and interior toll roads has also

been individually analyzed. Results (see Fig. 5) are quite similar to those previously cal-

culated for the whole sample. The most relevant point has to do with different behaviors

often observed to be specific to each kind of road. As expected, models for coastal roads

better fit with the socioeconomic data for each province, given the greater stability of

estimates observed in Fig. 1a when compared to Fig. 1b. By contrast, interior roads

(Fig. 2a and b) perform slightly better when considering national data. Figure 5 shows that

GDP per capita elasticities in coastal roads lie between 1.21 and 1.52 when considering

data at the level of the individual province, but a larger range of values (from 0.36 to 1.05)

is observed with national data. As for interior roads, despite showing solid results in both

cases, elasticity estimates with national data (0.85–1.14) are more stable than those ones

with provincial data (0.57–0.96). These results can be explained by the strong relationship

between light demand in coastal roads and such local activities as tourism, as well as the

high proportion of long-distance trips—less related to local effects—in interior roads.

Again, this visual display of analysis is complemented with a panel data regression to

test whether statistically significant differences on demand elasticities can be identified
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Fig. 5 Demand elasticities (short-run) when considering provincial GDP per capita (left) and national GDP
per capita (right) as the socioeconomic variable in the model, for coastal (above) and interior roads (below)
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depending on the location of the toll road. As shown in (9), structural differences between

coastal and interior roads are captured through the dCOAST dummy variable (equals 1 if the

toll road is located near the coast; 0 otherwise).

AADTit ¼ gi þ kAADTi;t�1 þ b1Fuelt þ b2ðFuelt � dCOASTÞ þ b3Tollit þ b4ðTollit
� dCOAST Þ þ b5 Socioecit þ b6ðSocicoec � dCOASTÞ þ eit ð9Þ

Socioeconomic data at the provincial level: t = 1990,…, 2010; i = 1,…, 14

The model is calibrated for the whole time period (1990–2010), considering socioe-

conomic data at the level of the provinces. Results are included in Table 6.

Figures from Table 6 do not provide conclusive results regarding structural differences

between coastal and interior roads. Elasticities with regard to socioeconomic variables

seem to be higher for coastal roads in all the cases. Nevertheless, differences among the

different kinds of roads (Socioec. 9 dCOAST) are noticeable and statistically significant

only when considering GDP per capita in the model. This may be caused by the fact that

the economy in Spanish regions near the coast is highly dependent on tourism activities,

which have an important impact on light vehicle volume. Toll elasticities are generally

smaller (less negative) in coastal roads, but statistically significant estimates for

Toll 9 dCOAST are only observed when considering GDP per capita in the model. In this

respect, traffic volume in coastal roads may be less sensitive to tolls since a high per-

centage of trips are occasional, generally linked to leisure activities. Again, results for fuel

costs present great volatility depending on the model we choose. By contrast, differences

between coastal and interior roads are not statistically significant in any of the models

presented in Table 6. This analysis clearly shows that estimates can vary considerably

depending on the socioeconomic variable considered in the model, so a great deal of

attention needs to be paid when selecting the explanatory parameters.

Summary of results

Finally, Table 7 summarizes the main elasticity estimates calculated by means of this panel

data approach. As the analysis over time has demonstrated, a range of values seems a more

complete and fairer way to present results for demand elasticities, rather than the

Table 6 Estimates of short-run travel demand elasticities for the 1990–2010 period, considering the lo-
cation (coastal/interior) of the toll road

Socioec. = GDP Socioec. = Employment Socioec. = GDP per capita

Estimate p value Estimate p value Estimate p value

AADT (-1) 0.376 0.0000 0.411 0.0000 0.410 0.0000

Socioec. 0.639 0.0003 0.745 0.0000 0.902 0.0000

Socioec. 9 dCOAST 0.027 0.9206 0.035 0.8626 0.460 0.0432

Toll -0.571 0.0049 -0.465 0.0084 -0.396 0.0078

Toll 9 dCOAST 0.168 0.5646 0.113 0.6451 0.333 0.0267

Fuel cost -0.032 0.7092 -0.145 0.0771 -0.060 0.4616

Fuel cost 9 dCOAST -0.003 0.9769 -0.060 0.5252 -0.069 0.4834

m1-test -1.921 0.0273 -1.762 0.0390 -1.832 0.0334

m2-test -0.035 0.4857 0.425 0.3355 0.214 0.4149

Sargan test 12.0 0.8472 12.0 0.8472 12.0 0.8472
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traditional approach of simply showing a single value for each variable. This procedure

gives essential information for traffic forecasts, since it can be generally assumed that the

shorter the range of elasticities for a certain variable, the greater its ability to explain road

traffic evolution.

Regarding socioeconomic variables, we found that GDP does not exhibit a stable be-

havior over time, as elasticity values generally vary in parallel with the cycles in economic

growth. However, such variables as Employment and GDP per capita have a shorter range

of values, both at the provincial and national level, so they are more consistent explanatory

variables of light vehicle demand. Significant variability in the values for fuel costs and for

tolls respond to the numerous runnings and versions of the model calibrated, since these

variables generally show a fairly constant trend for each single model.

Robustness of results

With regard to the robustness of the estimates, we have opted for showing one case in

detail, displayed in Table 4, and briefly summarize the results for the other versions of the

model. Detailed results for the 80 runnings included in Figs. 1, 2, 3 and 4, are very similar

to those of the example discussed and all of them fully meet the requirements pointed out

in ‘‘Dynamic panel data methodology specification’’ section.

Next, robustness of results regarding m1 and m2 tests is noted. According to González

et al. (2011), two main conditions must be fulfilled in order to test that no serial correlation

is observed in the estimated residuals eit. First, there should be evidence of negative first-

order serial correlation of differenced residuals (Deit), so that the value of the statistic m1

must be negative, with a p value preferably below 0.05. Second, there should not be

evidence of second-order correlation of differenced residuals, so that the p value associated

to the statistic m2 should be greater than 0.05. Regarding the example detailed in Table 4,

results for m1 and m2 tests are consistent with absence of serial correlation in the residuals.

As can be noted, the value of the statistic m1 is negative (-1.82) with a p value of 0.034

(\0.05), while the p value for the m2 test is 0.289 (greater than 0.05). Robustness of

estimates for the rest of the models presented in Figs. 1, 2, 3 and 4 is very similar to the

example from Table 4. The value of statistic m1 moves from -2.258 to -1.152, with an

associated p value ranging between 0.011 and 0.043. Furthermore, the p value for the m2

Table 7 Summary of short-run elasticity estimates concluded from the analysis of the different versions of
the model

Variables Range of elasticities

Provincial socioeconomic variables

GDP 0.45–0.96

Employment 0.54–0.72

GDP per capita 0.77–0.98

National socioeconomic variables

GDP 0.40–0.98

Employment 0.49–0.78

GDP per capita 0.94–1.18

Toll -0.4 to -0.19

Fuel costs (€/km) -0.37 to -0.01
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test runs from 0.103 to 0.317. Then, the requirements needed for the Arellano and Bond

tests of serial correlation are fully met for all the alternatives shown.

With regard to the Sargan test, the validity of instruments used in the demand equation

is checked when the null hypothesis is not rejected. Specifically, González et al. (2011)

pointed out the convenience of having an associated p value greater than 0.10. For the case

detailed in Table 4, we can observe that the p value in the Sargan test for GMM-DIFF

(0.729) is far above the reference value. Although GMM-SYS also presents a p value

greater than 0.10, values near 1.0 are clear symptoms of the low power of the test in that

case, since the null hypothesis may exhibit almost zero rejection frequency of the validity

of instruments null hypothesis (Baum et al. 2007). These results for the Sargan test support

the choice of a GMM-DIFF approach for the analysis rather than a GMM-SYS one.

Robustness estimates for the rest of the models are very similar to this case, as the

associated p value for the Sargan test lies from 0.373 to 0.783, again greater than the

reference value (0.10) and also not close to 1.0.

Conclusions and further research

This paper has developed a panel data methodology to analyze light vehicle traffic evo-

lution in toll roads. The analysis has provided some interesting conclusions.

First, this paper establishes a feasible and original alternative, which consists of

gradually varying the time period in the model specification, to analyze the stability of

short-run elasticities over time. This approach has some advantages not present in the

traditional procedure. First, it enables us to identify which parameters have a more constant

and solid relationship with the dependent variable and, therefore, which are more suitable

to be chosen as explanatory variables for long term estimates. Second, it makes the analysis

more complete, objective, and rigorous.

The second conclusion is that, despite being an important element, GDP does not seem

to be the most suitable socioeconomic explanatory variable for light vehicle demand. The

significant variability of elasticity results, especially when changes in the economic en-

vironment occur, weakens its value in explaining traffic behavior and in making traffic

forecasts. However, such socioeconomic variables as Employment and GDP per capita

provide more consistent estimates, and clearly improve the performance of GDP. Em-

ployment as a variable considers only that part of the population who is employed, and

better approximates income level and mobility. Moreover, GDP per capita constitutes a

better proxy of a persońs income.

The third conclusion points out that some differences can be observed in traffic behavior

in toll roads depending on where, within the country, they are located (coast, interior).

Roads near the coast seem to be more influenced by local activities such as tourism and

better correspond to socioeconomic data of provinces, while the traffic in interior roads

tends to fit better with global economic variables. Moreover, even though toll roads near

the coast seem to be more sensitive to changes in socioeconomic data and less responsive

to toll rates than interior roads, the results are not conclusive in this matter.

The last conclusion concerns the traffic decreases experienced on Spanish toll roads

since the arrival of the recession. According to the results, it cannot be concluded that the

reduction in demand is an anomaly, given the fairly constant trends shown by travel

demand elasticities, mainly with regard to socioeconomic data. Furthermore, the paper has

shown that userś responsiveness towards generalized costs of transport (toll, fuel) have not
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statistically varied in recent years despite the deterioration observed in the Spanish

economy.

From the results of this paper, several aspects can be pointed out as subjects for further

research. First, the analysis can be extended to heavy vehicle demand on toll roads, as the

literature in this area is very scarce, and no specific research for heavy vehicles has been

conducted in Spain. Furthermore, it would be interesting to compare these results with

estimates from free high capacity motorways in Spain, in order to check whether each type

of roads exhibits different behavior. Finally, a trans-national analysis could be developed

in order to compare the influence that the key explanatory variables studied for light

vehicles—GDP, Employment and GDP per capita—can have on toll road demand in

different countries.
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Appendix: description of explanatory variables included in the model

AADT (light veh./day): annual average daily traffic volume for light vehicles in each toll

road, as recorded in the statistics of the Spanish Ministry of Transportation.

AADT (-1)(light veh./day): lag of the annual daily traffic volume for light vehicles in

each toll road.

GDP, national (M€): Gross domestic product at the national level, as recorded in the

Spanish National Statistics Institute (INE) database. In constant euros.

GDP, provincial (M€): sum of the GDPs from the K provinces crossed by each toll road:

GDP; provincial ¼ RK
i¼1GDPi

Employment, national (103 people): number of people employed in the country, as

recorded in the Spanish National Statistics Institute (INE) database.

Employment, provincial (103 people): sum of people employed in the K provinces

crossed by each toll road:

Employment; provincial ¼ RK
i¼1Employmenti

GDP per capita, national (103 euro/person): Gross domestic product per person at the

national level, as recorded in the Spanish National Statistics Institute (INE). In constant

euros.

GDP per capita, provincial (103 euro/person): average GDP per capita from the K

provinces crossed by each toll road:

GDP per capita; provincial :
RK
i¼1GDPi

RK
i¼1populationi

Toll rate (euro/km): toll rate applied in each toll road, as recorded in the statistics of the

Spanish Ministry of Transportation. In constant euros.

Fuel price (euro/liter): gasoline and diesel prices in constant euros, weighed by the

proportion of gasoline and diesel light vehicle fleet in each year:
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Fuel cost (euro/km): product of Fuel price and Fuel consumption:

Fuel cost = Fuel price (euro/liter) 9 Fuel consumption (liter/km)

Fuel consumption is assumed as a linear progression from average 1990 levels ac-

cording to the Spanish Ministry of Transportation to 2011 values by the Spanish Ministry

of Industry.
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