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ABSTRACT
This paper estimates elasticities of demand for metro service with respect to fares, income, quality of service, population and network length. Data for 32 world metro systems covering the period from 1996 to 2015 are analysed within a dynamic panel data specification. Three key contributions are made. First, we collate a database for estimation that is more extensive than that used in previous studies. Second, the quality of the data we have available allows us to more accurately represent quality of service than has been possible previously. And lastly, we estimate and compare two different measures of demand. Our analysis finds a statistically significant negative fare elasticity of -0.25 in the long run for a passenger km specified model and -0.4 in the long run for a passenger journeys specified model, and a positive long run income elasticity of 0.17 and 0.18 for the passenger km and passenger journey models respectively. Regarding quality of service we find positive long run elasticities of 0.56 and 0.47 for the passenger km and passenger journey models respectively. Income levels, population and the size of the network are also found to be statistically significant and positive in nature. The results suggest passenger km and passenger journeys will increase more in response to changes in service (here represented by increased capacity) than to changes in fares, with the difference in elasticities of service and fares being more pronounced for passenger km.
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INTRODUCTION
[bookmark: _Toc153430193][bookmark: _Toc80870084][bookmark: _Toc80871583][bookmark: _Toc80871636]Urban metro rail systems, hereafter referred to as metros, provide one of the most successful solutions to transportation challenges in large metropolitan areas. In order to plan metro services effectively and achieve service performance targets, it is necessary to understand demand at a fundamental level and how it responds to changes in operational and economic characteristics. In this paper we estimate the effects of fares, income, quality of service, population and the scale of the system on metro demand. 
The literature argues that the factors affecting the demand for public transport are well established, and include fares, income levels, a measure of the service provided, car ownership levels as well as the price of petrol. However, variation in elasticities is considerable, and much of the existing evidence is based on older data sources and econometric methods. In this paper we make three key contributions to the existing literature. First, we collate a database for estimation that is more extensive in terms of the number of observations than that used in previous studies, and which contains a larger number of systems over a longer period of time. Second, the quality of the data we have available allows us to more accurately represent various dimensions of quality of service than has been possible previously. And lastly, we estimate and compare two different measures of demand. The study makes use of conventional demand economics, and it is hoped that the additional evidence provided may enhance results provided by traditional transport models such as the four step model.
The structure of the paper, consisting of six sections, is as follows. Following this introductory section, Section 2 provides a review of the literature. Section 3 describes the advantages of using panel data along with the technical challenges that need to be addressed. From this, the dynamic panel Generalised Method of Moments (GMM) approach is presented as an appropriate approach to overcome these challenges and its application is described. Section 4 explains the data that has been collated for estimation along with hypotheses based on findings from the literature, while Section 5 presents our main results. The final section draws together the main findings of the research and suggests some policy implications and suggestions for future work. 

LITERATURE REVIEW
The study benefits from a number of comprehensive and high quality reviews and guides in the literature that have already been conducted. Perhaps the most notable of these are the two companion papers of Goodwin [1] and Oum et al. [2]. The former focused on the empirical estimation of demand elasticities while the latter also deals with theoretical and empirical issues in estimating transport demand elasticities.
Starting with Goodwin [1], which provides a review of demand elasticities with special reference to short and long run effects of price changes. The survey finds that for metros the fare elasticities vary significantly with a clear pattern for long term elasticities to be between fifty percent higher and three times higher than the short term for all modes. However, as Greening et al. [3] point out, caution should be exercised as the studies reviewed were predominantly carried out using old aggregated data and that inferring meaning from the results may be misleading. Furthermore, the amount of metro evidence found by the study was sparse in comparison to bus and rail evidence provided. The issue of variance of estimates was further emphasised by Oum et al. [2], which examined over 60 studies that reported estimates of price elasticities of transport demand. The survey found demand elasticities for urban transit with regard to price vary significantly, between -0.01 and -0.78 with most values ranging between -0.1 and -0.6. Further evidence of variability amongst demand elasticities also stem from Luk and Hepburn [4], which reviewed Australian travel demand elasticities. 
In addition to the reviews that have been carried out, the Transport Research Laboratory (TRL) has produced a guidance manual, TRL [5], along with a corresponding academic paper, Paulley et al. [6]. The manual is targeted at public transport operators, planning authorities, as well as academics and other researchers. Included in the manual are factors that have been identified as influencing the demand for public transport, as well as quantitative indicators for how these factors influence demand. The high degree of variation in elasticities highlighted by the reviews are also emphasised in this guidance manual. More recently, the meta-analysis provided by Holmgren [7] investigates this issue further and provides an in depth discussion of some of the underlying reasons. In summary, variation in estimates is viewed as being dependent on the quality and characteristics of the data used, along with the modelling techniques applied. Namely, the structures of the models, whether they are static or dynamic, the estimators used, as well as the specification of the variables. The study also provides recommendations of the variables that demand models should include, which are broadly similar to the TRL guide. 
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METHODOLOGY
As explained above, our study analyses a panel dataset consisting of demand variables for metros, as well as a set of explanatory factors that help to explain changes in the levels of demand. The advantages of using a panel data set, which comprises both cross-sectional (between) and time-series (within) variation, include increased precision in estimation due to more data and variability. Importantly, panel data allow for estimation of models that account for unobserved time-invariant heterogeneity which may be correlated with the error term, and thus for differences between metros that we know to exist but cannot be measured. Additionally panel data allows us to investigate dynamics and adjustments in behaviour. 
Our underlying dynamic panel model is:

					(1)

where demand, represented by D for the ith metro (i=1,…,N) in year t of a panel with T years (t=1,…,T), is explained by a set of explanatory variables () as well as the lagged value of D itself (the dynamic component). In this case,  is the set of coefficients for each corresponding explanatory variable included in the econometric model, while  represents the coefficient for the lagged variable D. All variables are in natural logarithms, therefore, the  coefficients represent the corresponding demand elasticity for a particular explanatory variable. 

The error component,, is composed of an unobserved time-invariant individual-specific effect  and a random disturbance . The former is interpreted as the metro-specific effect not included in the regression which accounts for differences known to exist between the metros that have not been measured. 
A rudimentary first approach includes that of the Pooled Ordinary Least Squares (OLS). This approach specifies constant coefficients and applies the usual OLS Gauss-Markov assumptions used for cross-sectional analysis. This is an appropriate approach when  is thought to be constant across systems (i.e. . Pooled OLS is carried out by stacking the data over i and t and estimating using OLS. Effects unique to a metro are then subsumed in the error term. 
Two main approaches to the treatment of time-invariant individual-specific effects () include Fixed Effects (FE) and Random Effects (RE) models. When the metro-specific effects are correlated with the regressors, a FE model should be used, while when they are not correlated, a RE model can be used with the  assumed independent and identically distributed , and uncorrelated with the predictor variables and the random disturbance . 
The assumption that regressors are uncorrelated with the errors in the model is hard to define in the case of a dynamic model because typically . 
In this context the Generalised Method of Moments (GMM) estimator, stemming from Hansen [11], offers a possible solution. GMM allows for estimation of model parameters in the presence of endogenous variables by deriving instruments from the nature of the panel data itself. This is done by estimating parameters based on the information in population moment conditions, which refers to the expected values of powers of a variable with population average under consideration. Two GMM approaches are available, these are commonly known as the difference and system GMM [12]. 
The difference GMM estimator, as proposed by Arellano and Bond [12], is used to estimate Equation (1) based on the following orthogonality conditions:

	for 		and				(2)

where  are suitable lags of the dependent variable. The approach uses the time series nature of the data itself as an instrument for the residual of Equation (1) in differences. System GMM is an augmented version and is outlined by Arellano and Bover [13] and fully developed by Blundell and Bond [14], which uses lagged first differences as instruments for equations in levels as well as the lag variable instruments for first-difference equations. 
In the presence of data with little variation over time, the difference-GMM has been shown to suffer from weak instrument bias ([14]). In this context, the system-GMM [13, 14] is preferable to the difference-GMM and proceeds by estimating regressions in differences and in levels simultaneously.
Consistency of the dynamic GMM estimator depends on two crucial assumptions: no first order serial-autocorrelation in the error term of the levels equation, and instrument exogeneity. To evaluate these assumptions, we consider the Arellano and Bond autocorrelation tests and the Sargen/Hansen tests. The Arellano and Bond [15] tests for serial autocorrelation and evaluates the hypothesis that there is no second-order serial correlation in the first differenced residuals, which in turn implies that the errors from the levels equations are serially uncorrelated [16]. If there is serial correlation then the instruments used are not valid and there is need for another set of instruments starting with deeper time lags. The Sargan/Hansen test of overidentifying restrictions is the standard test for the validity of the instrument [16]. 
The individual parameters of these models are difficult to interpret when considered alone; as a result we compute long run elasticity estimates related to respective results. Considering equation (1) above, the long run coefficient is calculated as follows:

									(3)

where  and  are the coefficients of variables described in equation (1) lagged mth periods.

DATA
In this section we describe the variables that were tested along with their respective sources and hypotheses. In general, the majority of the data originates from two consortia of metro system operators, namely the Community of Metros (CoMET) and the Nova Group of Metros (Nova) (https://cometandnova.org/), managed by the Railway and Transport Strategy Centre (RTSC) based at Imperial College London. The consortia focus on benchmarking, and the work developed by the RTSC over the last two decades is supported by a comprehensive database of key performance indicators related to different areas of metro operation. Accordingly, the data allows us to compile an unbalanced panel data set consisting of 32 metro systems over 20 years between 1996 and 2015[footnoteRef:2]. Our analysis is supported by a high-standard level of data quality, as during the years of benchmarking work carried out within the groups, a series of systematic data cleaning processes have been developed and maintained which carry out verification and validation tests. This is complimented by ongoing contact with CoMET and Nova members through phone calls, face-to-face meetings, and site visits. It is also worth noting here that due to the sensitive commercial nature of the RTSC data, an existing confidentiality agreement requires results to be presented in an anonymised form.  [2:  CoMET metros included in this study: Beijing BMTROC, Berlin BVG, Delhi DMRC, Guangzhou GMC, Hong Kong MTR, London Underground, Metro de Madrid, Metro de Santiago, Metro Sao Paulo Mexico City STC, Moscow Metro, New York NYCT, Paris RATP(Metro and RER, two systems), Shanghai SSMG, Singapore SMRT and Taipei TRTC.
Nova metros included in this study: Bangkok BEM, Barcelona TMB, Brussels STIB, Buenos Aires Metrovias, Istanbul Ulasim, Kuala Lumpur RapidKL, London DLR, Metro Rio, Montreal STM, Nanjing Metro, Newcastle Nexus, Oslo Sporveien, Shenzhen SZMC, Sydney Trains, and Toronto TTC.] 

For the purpose of this specific study, we use data for demand, as well as a set of explanatory variables which have been identified in the literature as having an influence on the levels of demand for metros.  
For demand, two metro patronage measures are considered. These are passenger journeys and passenger kilometres and are sourced from the CoMET and Nova databases. Passenger journeys refers to the annual total of all passengers recorded or estimated as entering the system at the origin station to exiting at the destination, irrespective of the number of different lines used or the number of interchanges between lines. The measure includes all journeys irrespective of the fare paid. This includes fare evaders and passengers travelling on reduced fares such as students or elderly and children of all ages, but does not include passengers travelling on other modes on behalf of the metro such as replacement bus services. For passenger kilometres, this measure refers to the distance travelled by each passenger on metro trains, summed for all passengers. The inclusions and exclusions are consistent with the passenger journeys measure. 
A proxy for metro fares is estimated as annual revenue from fares divided by the annual number of passengers. Again, sourced from the CoMET and Nova databases. It is worth noting that this variable represents an average fare per journey, and excludes seasonal variation, changes in conditions relating to ticket types, and special travel offers such as railcards. The value also does not account for fare evaders. Data for fare evaders is available, but with too few observations to use. For the metros with data, the average percentage of passenger journeys attributed to evaders is 1.5% (st.dev. 1.8). As the rates appear to be relatively low and consistent amongst the groups it is unlikely that accounting for fare evasion will adjust the elasticity estimates dramatically. As the data improves it is hoped that this can be tested in the future. The values that were tested are 2015 equivalent US dollars based on Purchasing Power Parity (PPP). This accounts for differences in exchange rates as well as inflation. From the literature, metro fare elasticities have been found to be on average approximately -0.3 in the short run and -0.6 in the long run [5], and these elasticities have been found to be steadily increasing over time.
Income figures are proxied using Gross Domestic Product (GDP) per capita, again based on 2015 equivalent US dollars based on PPP rates. The values have been sourced from the World Bank’s International Comparison Program Database, specifically from the World Development Indicators. GDP at purchaser’s prices is the sum of gross value added by all resident producers in the economy plus any product taxes and minus any subsidies not included in the value of the products. Evidence of the effect of income on demand for metros has been found to be fairly substantial, with the most recent study finding a short run elasticity of 0.03 and long run of 0.18 [8]. As this study also used GDP per capita as a proxy it is expected that these results will be broadly similar. It should be noted that using GDP per capita does have its shortcomings, as it does not capture differences between urban and rural areas, or indeed differences between cities in the same state. An alternative option considered was to employ the UBS price and earnings data at the city level. However, this brings its own short comings. For a start, this is based on survey data on a limited sample of professions. The data is derived based on numerous assumptions, obtained from third parties, which are believed to be accurate but this is based on good faith, and no representation or warranty, express or implied, is made or provided as to the accuracy or completeness of the data. As such, GDP per capita was deemed the most appropriate at this stage.
To account for the quality of service provided by the metro, the operated capacity provided by all actual car km operated in revenue service is considered and is normalised by the network length. By using capacity km, which refers to spaces for people to travel, and by normalising by the size of the network the measure reflects both overall capacity and frequency provided and accounts for factors such as the size of the cars and their design, as well as the train length. This can be considered as providing an indication of the intensity of the service. The measure accounts for both seating and standing capacity, and is a standardised measure of capacity whereby standing density has been normalised to 4 people per square metre. The measure includes all lines in the network as well as turnaround and reversal at terminals. Excluded in the measure are empty stock movements, movement of trains to and from depots, movements of trains in depots, engineering trains, driver training runs (without passengers), train schedule to run, but which did not actually operate (e.g. cancellations), and rail replacement bus services. 
Due to the number of different definitions of quality of service found in the literature, along with fewer studies being carried out specifically on metros than railway or bus services, evidence is less clear. The most recent metro demand study found that estimated elasticities, Graham et al. [8], constructed a quality of service variable consisting of car km per route km, finding a short run elasticity of 0.07 and long run of 0.51. However, by using car km instead of capacity km as proposed by this study, the measure does not account for car size or design, with results that may be skewed by varying train lengths between and amongst metros (for example, consider a line running 4-car trains compared with a line running 8-car trains. Both lines may offer the same total capacity per train but the latter would exhibit 50% more car km). As such, it is evident that the measure constructed for this paper is more appropriate and reflects the level of service provided by metros much more accurately. The improvement of this variable forms a major contribution of this work. 
Population figures have primarily been sourced from the United Nations internet based data service (http://data.un.org). These include a combination of official census figures along with estimates during years where a census was not carried out. Where reasonable, interpolation was carried out along with supporting figures from OECD statistics. Additional sources include the National Bureau of Statistics of China, Guangzhou Statistical Yearbook, Nanjing Statistical Yearbook, Department of Civil Affairs for Taipei City Government, and the Census and Statistics Department for the Government of Hong Kong. It is expected that as population increases so too do the number of trips being made. It is expected that the elasticities for the passenger journeys model to be highly elastic. 
Network length, again from CoMET and Nova, refers to the length of the network used by trains operating in passenger service. The total length of the network is used, which is the sum of all lines of length of line (end to end, including any/all branches). This excludes tracks in depots, yards and sidings, as well as the tracks used only for turning around trains. The measure accounts for lines with multiple tracks and for parallel lines, as the length is only counted once for double track lines (one track in each direction). Four-track lines/sections of line, often used allowing express trains to pass stopping services, are counted as twice the length of double track lines, for the length. Single track sections, including loops, count as 0.5 of double track length, while section of route where two or more lines share the same tracks are counted once. No evidence has been found for the influence of network length on demand, but it is reasonable to assume that as the network increases, so too do the number of journeys and average lengths of the journeys. As such, it is expected that the elasticities for both models to be highly elastic and positive in nature. 
In terms of car ownership and the price of petrol, the remaining major factors thought to influence the demand for public transport, an inadequate level of data was compiled. By leaving out factors which we believe to have an effect on demand leads to estimation of parameters that are likely to be biased, formally this is referred to as omitted variable bias. However, despite this shortfall, as described in the methodology this is addressed to a first approximation by an adequately specified panel data regression which can account for unobserved time-invariant heterogeneity. 
TABLE 2 provides an overview of the variables that have been used and gives their descriptive statistics. TABLE 3 provides the correlation matrix of the set of explanatory variables. The values indicate that there are no issues with multicollinearity with the exception of the lagged dependent variable which, as discussed in the methodology section, can be adequately dealt with using the GMM approach described. 

RESULTS
TABLE 4 reports the results of estimation of Equation (1) using Pooled OLS, random effects, fixed effects, difference GMM and system GMM models respectively. The econometric models present demand elasticities for the main demand drivers of urban metro rail systems. The coefficients represent the elasticities, while the values in brackets represent the corresponding standard errors. The levels of significance are also reported for 10%, 5% and 1% levels.
As noted, the Pooled OLS assumes homogeneity across the metros. While this is not a reasonable assumption the results help to identify an appropriate model. Likewise, the random and fixed effects panel data estimators are inappropriate as they are subject to bias via endogeneity due to the lagged demand variable. For the GMM models, to deal with the endogeneity a number of specifications were tested. The choice of model was based on the significance of the estimates, the Arellano-Bond tests for AR(1) and AR(2) in first differences, as well as the Sargan and Hansen tests of overidentifying restrictions. In each case, the tests confirm that GMM is appropriate and that the instruments used are valid. 
On examining the results, it is evident that the system GMM estimates appear to be biased. The elasticities appear very similar to the Pooled OLS estimates with similar magnitudes throughout and evidence of counterintuitive signs for the income estimates for both the passenger km and passenger journey models. We know the Pooled OLS estimates to be biased and inconsistent as they assume homogeneity across the metros, and so we assume the System GMM to also be inappropriate. 
As the data does not appear to be burdened by persistence, the difference GMM does not appear to suffer from weak instrument bias. As such, the difference GMM models are considered to be the most appropriate, with a specification which treats the intensity of service provided as endogenous, prices as predetermined but not strictly exogenous, and income as strictly exogenous. In both cases, the explanatory variables are statistically significant at a 99% level, with signs and magnitudes that are intuitive. From these, long run elasticity estimates are calculated and are presented in TABLE 5 along with a summary of the short run elasticity estimates. 
The fare results imply that a 10% increase in fares corresponds to 1.1% decrease in passenger km and 2% decrease in passenger journeys in the short run, and 2.5% decrease in passenger km and 4% decrease in passenger journeys in the long run. 
As expected the results regarding income, which are proxied by GDP per capita, are consistent with Graham et al. [8], with values of 0.17 and 0.18 for the long run estimates for the passenger km and passenger journey models respectively. This confirms previous findings that indicate that metros are perceived as normal goods. 
Again, consistent with Graham et al. [8], the values for the service levels are larger than the absolute values of the fare elasticities, reaffirming the implication that a more effective approach to increasing metro patronage stems from service improvements rather than from changes in fares. Due to the improved variable, an updated interpretation may be described as a 10% increase in capacity km per network length may lead to a 5.6% increase in passenger km and a 4.7% increase in passenger journeys in the long run. 
As expected, results for population and network length are significant and positive in nature. Interestingly, the magnitudes between the passenger km and passenger journey models difer. However, these differences appear to be intuitive. As the network increases in size, it is reasonable to assume that many journeys will increase in length, with greater distances leading to longer trips. So it is unsurpirsing that in the long run, estimates regarding network length should be larger when explaing passenger km than for explaining passenger journeys. This is indeed the case and the results can be interpreted as a 10% increase in network length corresponds with an 8.3% increase in passenger km and a 5% increase in passenger journeys. Alternatively, the estimates for population are found to be the reverse with a 10% increase in population corresponding with a 4% increase in passenger km and an 8.3% increase in passenger journeys. This can perhaps be explained by higher populated cities being denser in nature, and suggests that as population increases the number of journey increases, however with journey lengths that are shorter on average. 
Overall, on average the long run estimates appear to be slightly above double that of their short run counterparts. This is unsurprising and appears to be consistent with studies examined in the review provided by Goodwin [1] which finds long run estimates ranging between fifty percent and three times higher. The long run estimates being more elastic is intuitive as in the long run consumers are better placed to adjust their behaviour according to the changes in the factors which influence their demand, such as by changing their home or work locations. 
Of the variables tested, metro operators have direct control over the fare and the level of service provided. Figure 1 below illustrates how the demand may vary given different levels of fare and service according to the elasticities that have been estimated. The graphs demonstrate that demand is more sensitive to the service provided (with a steeper curve) than changes in fare levels. Naturally, decision makers should take into consideration that adjusting fares will impact fare revenue, while adjusting the level of service will impact the operational cost.

CONCLUSIONS
Urban rail operators seek to understand how demand may rise and fall. This paper has estimated metro demand functions to identify factors that affect urban metro rail demand. It is clear from the literature that due to the variation in estimates found in previous studies, which have been based on weak and often deficient data, it is timely to derive a set of elasticities that use high quality up-to-date data and appropriate robust methods. With more observations and a generally higher quality dataset available, along with variables that more accurately reflect the services provided by metros, our results hopefully provide more reliable elasticities for metro service planning and forecasting in the absence of city information
The results confirm that demand is indeed more sensitive to the service provided by metros rather than changes in fare levels. This suggests that changes in the capacity provided by metros will have a greater impact on the patronage of a metro than changes in fares. By estimating the likely change in demand (and, therefore, revenue) from additional capacity, these elasticities can also be used by metros to evaluate potential changes to service levels and test their financial viability. Additionally, the discrepancy between the two models perhaps emphasises a need for distance based fare structures to be in place in order to encourage continued sustainability. 
The income elasticities confirm that metros are perceived as normal goods, suggesting that as the standard of living increases so too does the level of trip making. The relationship between commuting by metro with population and network length is also of key importance, and should play an important role in making decisions related to investments into metro capacity. 
Given that the long run estimates are generally double that of the short run estimates, it is important to bear in mind that metro customers take time in adjusting their behaviour in response to the explanatory variables examined here. Considerations need to be made for the customers’ knowledge of adjustments and how entrenched their travel habits may be. 
Naturally, a key limitation of this study is that the elasticities provided are averages across all metros and all circumstances. In the future, data permitting, it may be possible to carry out further evaluations by reconciling the results with disaggregated data and examine how demand varies over different parts of a metro network at different times of day. In doing so, the results would be beneficial to metro operators strategy in terms of capacity utilisation and provision given the improved understanding of how exactly the demand of service varies spatially and temporally.
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[bookmark: _Ref498518972]TABLE 1	Summary table of key literature 
	Author(s)
	Title
	Comment

	Goodwin [1]
	A review of new demand elasticities with special reference to short and long run effects of price changes
	Review of empirical estimation of demand elasticities

	Oum et al. [2]
	Concepts of price elasticities of transport demand and recent empirical estimates: an interpretative survey
	Companion paper to Goodwin [1]dealing with theoretical and empirical issues in estimating transport demand

	Greening et al. [3]
	Energy efficiency and consumption — the rebound effect — a survey
	Survey of empirical evidence from the US

	Luk and Hepburn [4]
	New review of Australian travel demand elasticities
	Report reviewing and summarising information empirically determined in Australia

	TRL [5]
	The demand for public transport: a practical guide
	Transport Research Laboratory (TRL) guidance manual

	Paulley et al. [6]
	The demand for public transport: The effects of fares, quality of service, income and car ownership
	Corresponding academic paper to TRL’s guidance manual

	Holmgren [7]
	Meta-analysis of public transport demand
	Meta-analysis
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TABLE 2	Overview of variables for 32 metro rail systems 1996-2015 
	Variables
	
	Obs
	Mean
	St.Dev
	Min
	Max

	Metro patronage
	Passenger km (millions)
	454
	6,964.04
	8,440.75
	229.16
	41,608

	
	Passenger journeys (millions)
	461
	703.19
	679.70
	32.51
	3,241.50

	Fare
	Annual fare revenue from fares divided by annual passenger journeys  (2015 US$ PPP)
	423
	1.17
	0.51
	0.22
	2.63

	Income
	GDP per capita (2015 US$ PPP)
	726
	22,280.34
	15,230.29
	1,378.50
	86,128.17

	Intensity of service
	Capacity km per network length
	457
	165.33
	90.52
	27.94
	440.23

	Population
	Population
	517
	9,359,276
	5,880,417
	1,012,051
	25,700,000

	Network length
	Network length (km)
	482
	156.32
	134.56
	19.74
	588






[bookmark: _Ref488748592]TABLE 3	Correlation matrix of explanatory variables 
	
	Fare
	Income
	Intensity of Service
	Population
	Net. Length

	Fare
	1.0000
	-
	-
	-
	-

	Income
	0.0864
	1.0000
	-
	-
	-

	Intensity of service
	0.0543
	0.0034
	1.0000
	-
	-

	Population
	0.0239
	-0.4615
	0.2826
	1.0000
	-

	Network length
	0.1864
	0.1475
	0.0432
	0.3871
	1.0000






[bookmark: _Ref425770169][bookmark: _Ref484444259]TABLE 4	Results of the dynamic panel model
	Variable
	
	Passenger km
	
	
	Passenger journeys

	
	Pooled
OLS
	RE
	FE
	Diff 
GMM
	Sys 
GMM
	
	Pooled
OLS
	RE
	FE
	Diff 
GMM
	Sys
GMM

	ln(Fare)
	-0.00
(0.01)
	-0.07***
(0.02)
	-0.09***
(0.03)
	-0.11***
(0.02)
	-0.00
(0.01)
	
	-0.03**
(0.01)
	-0.13***
(0.02)
	-0.20***
(0.02)
	-0.20***
(0.02)
	-0.03***
(0.01)

	ln(Income)
	-0.06***
(0.01)
	-0.02
(0.02)
	0.09**
(0.03)
	0.08***
(0.03)
	-0.06***
(0.01)
	
	-0.04
(0.01)
	0.02
(0.01)
	0.09***
(0.03)
	0.09***
(0.02)
	-0.04***
(0.01)

	ln(Intensity of service)
	0.10***
(0.03)
	0.22***
(0.04)
	0.21***
(0.05)
	0.25***
(0.04)
	0.10***
(0.02)
	
	0.07***
(0.02)
	0.16***
(0.03)
	0.24***
(0.03)
	0.24***
(0.03)
	0.07***
(0.01)

	ln(Population)
	0.03***
(0.01)
	0.13***
(0.02)
	0.21*
(0.11)
	0.18**
(0.09)
	0.03***
(0.01)
	
	0.03***
(0.01)
	0.12***
(0.02)
	0.41***
(0.09)
	0.41***
(0.07)
	0.03***
(0.01)

	ln(Network length)
	0.10***
(0.02)
	0.27***
(0.03)
	0.33***
(0.04)
	0.37***
(0.03)
	0.10***
(0.01)
	
	0.08***
(0.01)
	0.18***
(0.02)
	0.25***
(0.03)
	0.25***
(0.02)
	0.08***
(0.01)

	ln(Demandt-1)
	0.90***
(0.02)
	0.72***
(0.03)
	0.58***
(0.03)
	0.55***
(0.02)
	0.90***
(0.02)
	
	0.91***
(0.01)
	0.72***
(0.02)
	0.50***
(0.03)
	0.50***
(0.02)
	0.91***
(0.01)

	AB AR (1)
	-
	-
	-
	0.000
	0.000
	
	-
	-
	-
	0.000
	0.000

	AB AR (2)
	-
	-
	-
	0.755
	0.281
	
	-
	-
	-
	0.841
	0.429

	Sargan
	-
	-
	-
	0.000
	0.000
	
	-
	-
	-
	0.000
	0.000

	Instruments
	-
	-
	-
	310
	344
	
	-
	-
	-
	312
	346

	Adj. R2
	0.99
	0.99
	0.98
	-
	-
	
	0.99
	0.99
	0.94
	-
	-

	Observations
	344
	344
	344
	310
	344
	
	346
	346
	346
	312
	346


Note: Significance at 10%, 5% and 1% levels is indicated by *, **, and ***, respectively.


[bookmark: _Ref488937074]TABLE 5	Summary of elasticity estimates from difference GMM model
	Variable
	Passenger km
	
	Passenger journeys

	
	Short run
	Long run
	
	Short run
	Long run

	Fare
	-0.11
	-0.25
	
	-0.20
	-0.40

	Income
	0.08
	0.17
	
	0.09
	0.18

	Intensity of service
	0.25
	0.56
	
	0.24
	0.47

	Population
	0.18
	0.40
	
	0.41
	0.83

	Network length
	0.37
	0.83
	
	0.25
	0.50
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(a)							(b)
[bookmark: _Ref496702725]Figure 1	Visualising an example of changes in passenger km given changes in fare levels and capacity km per network length based on the estimated elasticities
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