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Abstract
In this paper, we develop an econometric model that highlights the main factors affecting trucks load factor (LF). More specifically, we are assessing the impacts associated with electronic vehicle management systems (EVMS) which are supposed to increase LF by reducing coordination costs between demand and supply.  The model is estimated on a subsample of the 1999 National Roadside Survey covering heavy trucks travelling in the province of Quebec. The LF is explained as a function of vehicle configuration, type of trailer, type of trip, and the nature of carrier operations.  We show that the use of EVMS results in an increase of LF between 5 and 10 percentage points on backhaul trips while it slightly lowers LF on fronthaul movements. This last effect could represent a sort of rebound effect.  We also show that the overall impact of this technology on the industry energy efficiency was relatively limited in 1999 because a low adoption rate.  
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An Econometric Analysis of the Impact of Electronic Vehicle Management Systems on the Load Factor of Trucks operating in Quebec

1. Introduction
Curbing greenhouse gas emissions (GHG) in order to mitigate climate changes has become a central theme for environmental policies worldwide.  Transportation activities represent one of the major sources accounting for about 21% of 2000 world emissions (see International Energy Agency, 2002).  Moreover, the share of transport-related emissions is growing as it only accounted for 17% in 1971.  The increasing reliance on automobiles is obviously the main factor explaining this trend.  However, the growth of trucking activities also represents a significant factor.  For example in Canada, while total GHG emissions have increased by 24% from 1990 to 2003, medium and heavy trucks emissions have jumped by 68.8% during the same period and now account for close to 6% of total emissions (see Environment Canada, 2005 and NRCan, 2005).  Moreover, trucks also contribute to other environmental degradations such urban smog and noise pollution.

If trucking activities have significant negative environmental impacts, they do however also contribute positively to economic growth.  It is estimated that trucking generated in 2003 close to 50-billions in revenues and employed some 320,000 full-time workers in Canada (see Transport Canada, 2003).  More importantly, trucks are a vital input for most of the industries insuring the delivering of goods.  It is therefore important for public policy to promote the development of a trucking industry that is both efficient and sustainable.  Improvements in the load factor (LF) of trucks could provide a mean for achieving both objectives – a “win-win” solution à la Porter (see Porter and van der Linde, 1995).  According to the National Roadside Survey of 1999 (NRS99), about one in three heavy trucks travelling on Canada major highways are empty and more than half of those with a charge are not 100% full (see Canadian Council of Motor Transport Administrators, 2002) suggesting that there may be room for improvements.      
In this paper, we develop an econometric model to highlight the main factors affecting the LF of heavy trucks using data colleted by the 1999 National Roadside Survey (NRS99).  The survey involved more than 65,000 drivers, interviewed, randomly at 238 roadside sites throughout the 25,200 kilometres of Canada’s main road network.  We use a sub-sample of NRS99 covering trucks that have travelled at least in part in the province of Quebec.  The LF, as evaluated by the driver, is explained as a function of truck configuration (straight truck, tractor-trailer, etc.), trailer body style (van, flatbed, tanker, etc.), type of trip (distance travelled, traffic, origin and destination populations), and nature of carrier operations (private, for hire, owner-operator).  

We are especially interested in testing the impacts associated with the implementation of new information technologies, particularly electronic vehicle management systems (EVMS).  EVMS feature two functionalities that may help lower coordination costs associated with matching capacities with demands: 1) they provide real-time transmission of the exact positioning of each truck of a carrier’s fleet using GPS technology and 2) they enable dispatcher to initiate real-time communication with drivers via onboard computer.  With EVMS, dispatchers may therefore be able to coordinate vehicle activities in a more efficient manner.  In fact, providers of this technology insist in their promotional material on the opportunities offer by EVMS to reduce empty backhauls.
  
Our analysis offers an opportunity to test, at a very disaggregate level, the effects of information technologies (ITs) on productivity.  So far, the economic literature on this subject has found it difficult to measure productivity gains associated with IT – the so-called “the productivity paradox” (for an overview see Brynjolsson and Shinku, 1996).  One of the possible explanations for this paradox would be that empirical studies usually employ data that are too aggregated to capture the impact of ITs.   Our analysis is closely related to a recent study by Hubbard (2003) examining the impact of EVMS on the US trucking industry.  According to Hubbard, EVMS would have increased capacity utilization rates of equipped trucks by 13% leading to a 3% increase in the industry’s overall performance.  Besides working on the Canadian industry, our analysis also diverges from Hubbard by using more disaggregate data.  We observe the LF of a truck travelling on a specific trip whereas Hubbard uses measures of trucks capacity utilization over a one year period (i.e. loaded miles and the number of weeks the truck is in use).  Our data allows us to better access the impact of trip characteristics on LF.  For example, we can test separately the effect of EVMS on “fronthaul” (F) and “backhaul” (B) trips.  Interestingly, our main finding is that the use of EVMS results in a slight lowering of LF for F movements.  This negative effect shows up mostly for short distance movements (less than 400 kilometres).  On the other hand, LF increases by 5 to 10 percentage points on B trips when trucks are fitted with EVMS.  Long distance movement seems to benefit most from EVMS.  These results suggest that EVMS creates a sort of “rebound effect”.  By increasing the likelihood of finding a B load, the EVMS lower the unit cost of a delivery - fixed costs associated with the entire trip being spread over a larger total load – thereby promoting acceptance by the carrier of lighter F loads, or trips that require a longer initial empty runs (to go pick up the load).  Overall, our results suggest that this technology increase capacity utilization: we evaluate that tonne-kilometres transported (TKM) would have increased by between 0.47% and 5.04% for trucks equipped with this technology.  Taking into account the low adoption rate, this implies an industry-wide increase in TKM in the order of 0.09% to 0.63%.  This translates to an energy efficiency improvement comprised between 0.07% and 0.56%.  Other important factors affecting positively the LF are the trip distance, the size of the truck and the trailer flexibility in terms of type of goods that can be carried.  The nature of operations (private/for hire) or truck ownership status (owner-operator) appear to have limited impacts on LF.

The rest of this paper is organized as follows.  In section 2, we provide a general overview of the functioning of the trucking industry and the challenges associated with matching capacities and demands.  In section 3, we describe the data, the empirical specification and the estimation techniques.  Results are presented and discussed in section 4.  We conclude in section 5. 
2. Capacity Management in the trucking industry

The trucking industry is composed of two main segments: 1) for-hire companies which transport the freight of others for compensation and 2) private trucking that involves carrying the company goods.  In dollar terms, it is estimated that private trucking accounts for about one half of the Canadian industry (Nix, 2003).  Besides these two segments, they are also owner-operators who own and drive their trucks and work on contract either for-hire or private activities.

The productive capacity of a carrier depends upon its fleet size and structure.  Each truck offers a capacity that can be constraint either by the shipment weight or volume.  Moreover, some shipments require specialized trailers such as tanks for carrying liquids.  The rate of capacity utilization is determined by the amount of time trucks are on the road (i.e. not idle) and their LF.  Our analysis specifically focuses on the latter aspect.  Considering only the weight constraint, LF can be defined as:
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with CW the cargo weight and MCW the maximal cargo weight a truck can carry.  It is easy to understand that LF is a key determinant of a carrier’s competitiveness.  Indeed, the cost per tonne carried clearly declines with LF as several cost components are either fixed (for example the driver salary) or vary less than proportionally with LF (e.g. fuel costs).


It is also a key determinant of a carrier’s energy efficiency.  The energy efficiency associated with carrying a shipment weighting CW over a distance D using a truck with capacity MCW can be defined as:
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It is the ratio of the output measured by the tonne-kilometres carried (TKM) and the energy consumed.  By definition, TKM is the product of the cargo weight and the distance over which it is shipped.  Using [1], we immediately obtain that the level of production is directly proportional to LF.  By contrast, the level of energy required to carry a shipment over distance D increases much less than proportionally.  Indeed, it is estimated that a truck fully loaded only consumed about 20% more fuel than if it is empty (see Bridgestone/Firestone, 2006).

However, optimizing LF is made complicated by the fact that both demand and capacity are time, location and type of equipment specific.  In other words, a carrier needs to have the right truck (in terms of size and configuration) at the right time in order to be able to respond to a shipper demand.  This complex matching problem necessarily leads to some under-utilization of capacity taking the form of either empty-runs or less than full load trips.  Carriers can reduced these inefficiencies by trying to find complementary demands.  
To illustrate these matching activities, let’s consider the following simple example: a carrier located in O is contacted to carry a load from O to D (see figure 1).  To optimize its LF on the whole journey (ODO), the carrier may engage in costly search for complementary demands.
  First, the shipment initiating the trip from O to D – which we will refer as the fronthaul (F) trip - may not fully load a truck in which case the carrier may want to “group” various shipments.  Second, as the demand from a client is rarely bi-directional, the carrier needs to find a returning load if it want to avoid an empty backhaul (B) trip from D to O.  Various market intermediaries (brokers, web load matching site) play a role in coordinating demands with capacities.  At a carrier level, dispatchers are in charge of optimizing capacity utilization (see Hubbard, 2003 for a description of the dispatcher role).  Obviously, their work involves trading off search costs with the opportunity cost associated with a less than full load trip.

The level of effort for finding complementary demands and probability of success will depend upon the truck, load, carrier, trip and market characteristics.  As mentioned above, it is certainly much more difficult to find complementary demands for a load that required very specialized equipments.  Since for-hire companies are specializing in transportation activities, they may have lower search costs and thus could be more successful in avoiding empty or less-than full runs.  Moreover, private companies face legal and insurance constraints that may limit their ability to serve external demands.   The size of companies may also affect positively their abilities for finding complementary demands.  The distance between A and B is certainly a significant factor affecting the level of effort a company will invest for finding a load on the return trip.  Indeed, the opportunity costs associated with returning empty is certainly increasing with distance.  The demand for transport also depends upon the intensity of the social and economic relationships that exist between both the trip extremities.         


New satellite-based communication and localization technologies may also help increase LF by reducing coordination costs between demands and supplies.  As described by Hubbard (2003), traditionally carriers have relied on a system of “check-and-call” where drivers periodically phone their dispatcher in order to provide information on their localization.  Cell phones now also allow dispatchers to initiate communication.  However, since the late eighties, Electronic Vehicle Management Systems (EVMS) are combining GPS technologies with on-board computers.  These systems therefore allow real-time precise localization of all a carrier’s vehicles as well as direct communication with the drivers.  Moreover, the information provided by EVMS may feed software that support dispatching decisions (e.g. rerouting trucks).  EMVS would therefore be particularly useful to reduce empty backhaul.  For F movements, the impact of EVMS is less obvious.  First, it is rare that trucks partially loaded are re-directed in F movements unless this has been decided in advance (see Hubbard, 2003).  Second, by increasing the probability of finding a B load, EVMS may actually promote acceptance by carrier of lighter F loads, or trips that require a longer initial empty runs to go pick up the load.  In other words, EMVS may lead to a sort of “rebound effect”: trucks equipped with this technology may have higher LF on B trips but lower LF on F trips.  Interestingly, our data set offer a unique opportunity to test for this possibility.      

3. The Empirical Analysis

3.1 The Data

Our empirical analysis uses the data collected during the 1999 National Roadside Survey coordinated by the Canadian Council of Motor Transport Administrators.  The main objective of this survey is to draw a picture of heavy trucks activities in Canada.  More than 65 000 truck drivers were randomly interviewed at 238 survey roadside sites throughout the 25,200 kilometres of Canada’s main road network.  Data were collected for a representative weeks in summer and fall of 1999.  The questionnaire included two parts one compulsory and the other optional. About 88% of the drivers accepted to response to both parts.
In this study, we exploit a sub-sample of the NRS99 covering heavy trucks surveyed at one of the 51 roadside checkpoints in the province of Quebec, along with trucks surveyed elsewhere in Canada, but having travelled part of their trip in Quebec.
  The sample is restricted to long distance trips as defined as trips of at least 80 km or those connecting two different “regions”.
  The Quebec Ministry of Transport granted us access to this sub-sample.  The main advantage of using this sub-sample is that it underwent extensive consistency checks by the Ministry (see Ministère des Transports du Québec, 2003).
Each observation corresponds to a truck on a specific trip and contains a rich set of information on the truck, its load and itinerary and the type of company for which the truck operates.  One significant shortcoming of these data is that it does not contain any information on the carrier size.  We are therefore unable to control for this factor.  It is obviously important to take into account this limitation when interpreting our results.  Beside the information collected during the interviews, a traffic count was realized at each site in order to obtain a representative picture of the whole population.  Trucks were classified upon their type (straight truck, tractor-trailers etc.) and the day and time of their passing.  Based on these counts, expansion factors (i.e. the inverse of the sampling weights) were associated to each observation.
A trip, as defined by the NRS99, is “where the driver (or driver team) is moving the truck in its current cargo load condition”.  There are two cargo load conditions for a truck: cargo on-board and empty.  A trip starts or ends when either i) the driver (or team) changes, ii) the units of the truck change (e.g. a new tractor is used) and iii) the load conditions changes (empty to cargo on-board or the opposite).  A trip is characterized by an origin and a destination.  This definition can be somewhat problematic for our analysis.  Indeed, suppose a carrier sends its truck from its port in Montreal to pick up a load in Ottawa to be delivered in Winnipeg.  While conceptually, this could be viewed as one trip with two segments, the NRS99 reports two different trips depending upon where the truck is intercepted between Montreal and Ottawa or between Ottawa and Winnipeg since the loading condition changes in Ottawa.  

From the Quebec Ministry of Transport data set, we have applied several additional criteria to construct our own sample.  We eliminated observations: 
· For which information on the analysis variables were missing;
· Corresponding to truck configurations not specifically designed for transportation activities (e.g. garbage trucks, tractor without trailer);

· Relating to courier and less-than-truckload services (as well as peddle run).  Contrary to full truckload companies, courier and less-than-truckload carriers are specialized into relatively small freight and usually operate within a hub-and-spoke network: freights from various clients are first shipped into a terminal before being dispatch to other terminals and then delivered to their final destination.  For these types of services, optimizing LF is somewhat less important than providing frequent and on-time delivering.  The impact of various explanatory variables is therefore likely to be different than for full truckload carriers.  Unfortunately, relatively few observations were relating to courier and LTL operations making an econometric analysis perilous.  We therefore prefer to focus the analysis on full truckload operations.
· Corresponding to trips within a “commercial axe” (see section 3.2.2 for a definition) for which we had less than 30 observations. This criterion is necessary to insure statistical reliability of our estimations. 

Our final sample includes 14,022 observations down from an initial 20,101.  These observations correspond to 167,218 trips when taking into account the expansion factor.  Next, we describe the empirical specification.
3.2 The Empirical specification

Given our research objectives, we estimate a reduced form model that has the following form:
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 is the load factor of truck u on trip i.  LF is explained as a function of variables characterizing the truck (U), trip (I), carrier (C) and commercial axe in which the trip takes place (A).  The explanatory variables are susceptible to affect a carrier’s ability or its level of effort for finding complementary demands.  Ideally, we would like to distinguish between trips that have been initiated in response to specific demands from those that are complementary to another trip.  In the example illustrated by Figure 1, the trip OD is initiated by a shipper demand while DO is a joint product.  The issue of finding complementary demands is obviously more acute for complementary trips.  Unfortunately, the data does not allow us to distinguish between these two cases.  However, B trips are certainly more likely to correspond to complementary trips.  Indeed, carriers most often initiate trips in response to local demands.  For example, carriers located in O are more likely to be contacted by shippers in O than in D.  Indeed, shippers located in O probably have better information on carriers located in O than in D.  Moreover, dealing with carriers located in D may involve longer delivery delay as trucks should first be sent from O to D before being able to pick the load.  Obviously, this is not to say that this type of situations does not occur but simply that it is less likely and will usually involved very specialized equipments.  We therefore estimate model [3] separately on the sub-samples of observations corresponding to F and B trips.  To classify an observation as F or B, we compare the relative position of the truck base with the trip origin and destination (see Appendix 1 for details). 
3.2.1 The Load Factor

We use as dependant variable the evaluation of LF provided by the driver during the interview.  Five responses are possible namely: 0%, 25%, 50%, 75% and 100%.  Moreover, if the response is 100% a follow up question asks if the truck is full in weight or volume.  This measure of LF has therefore the advantage of taking into account both capacity constraints.  Obviously, this measure is an approximate of the true LF and is somewhat subjective.  In order to validate our results, we also estimated the model with a measure of LF based on the cargo weight and the maximum loading capacity of the truck.  Beside note taking into account the volume constraint, this variable is also an approximation since the maximal loading capacity of the truck is not directly measure but rather it is inferred based on the truck characteristics.
  This leads to some observations having LF higher than 100%.  In any case, the correlation between both measures of LF is 81.5%.

3.2.2 The explanatory variables

Table 2 briefly describes the explanatory variables included in our analysis.  As already mentioned, we are particularly interested in the impact of the variable EVMS – a dummy variable set to one if the truck has an on-board computer and a satellite dish.  If these systems reduce coordination costs, we would expect the variable EVMS to have a positive effect on LF especially on backhaul.  In fronthaul, the effect could be somewhat different as already explained.  We also include a dummy variable set to one if the truck is equipped with a trip recorder (REC) that collect information on trucks operations (speed, engine performance parameters etc.) that can be downloaded when the truck returns to its base.  It is unclear à priori if and how REC affect LF.  

The truck size is controlled by the variable AXLES.  Since it is likely that the opportunity cost associated with driving empty increases with the truck size, we would expect this variable to have a positive impact on LF.  We also control for the truck base localization distinguishing truck based in the province of Quebec, the rest of Canada (ROC) and the US.  Given the structure of our sample that only includes trucks having travelled in Quebec, we would expect ceteris paribus Quebec trucks to have an advantage in terms of market knowledge.  
Truck configuration and the type of trailers have an impact on the nature of the cargo that can be transported.  The possibilities for pooling several shipments as well as the probability of finding complementary return loads are more limited for specialized equipment.  We use a classification (see table 2) that is inspired by Hubbard (2003).

We also control for the nature of the carrier operations (for-hire versus private) as well as if the driver is an owner-operator.  Once again, for-hire carrier and owner-operator may have more incentive and flexibility for finding complementary demands than private carriers for which transport activities are only an input in their production process.  However, it is worth mentioning that owner-operators usually operates small companies (on average seven employees, see Nix, 2003) and therefore may have less capabilities for finding complementary demands.  
Trip distance is certainly a major factor increasing the opportunity cost of driving empty or less than fully loaded.  We therefore expect a positive effect of the variable DIST on LF.  We also include in our model two variables measuring the importance of economic relationships between the regions of origin and destination of the trip.  The variable POPULATION represents, using a gravitational formulation, the potential interaction force between the populations at the origin and destination.  The variable REVENU corresponds to the average of the median household income at the origin and destination. For Canada, the data are collected at the level of the census division.  For the North-eastern US States (i.e. those close to the Province of Quebec), we use the data at the county level.  For the rest of the US, we use the State level data.  We also control for the level of truck traffic in the corridor defined by the trip origin and destination.  Specifically, we measure the number of trucks travelling between the area of origin and destination using our dataset.  In this case, the areas are defined as the 17 administrative regions of the province of Quebec and the “areas” defined by the NRS99 for the rest of Canada (19 areas) and the US (13 areas) (see maps in appendix 2).   
Finally, there are several unobservable trip characteristics that may be affecting LF such as the nature of the industries located along the trip, the level of trade imbalanced between the origin and destination etc.  Ignoring these factors could bias our estimates if the included variables are somewhat correlated with the unobserved characteristics (see Baltagi, 2005).  To mitigate this problem, we add to our model a set of dummy variables corresponding to the commercial axes.  Ideally, we would want to define these axes as precisely as possible, however, for statistical reasons, we need to have enough observations per axes.  For this reason, we define a commercial axe in the following manner: i) the province of Quebec is divided in four sectors using the division used in the NRS99 (see appendix 2); ii) the rest of Canada is divided in three: the province of Ontario (i.e. Quebec main economic partner in Canada), the west (British Columbia, Alberta, Saskatchewan, Manitoba and the Northern Territories) and iii) the US are divided in two: the North-East and the rest of the US.  

3.2.3 The estimation method

By definition, LF is bounded between 0% and 100% and takes discreet values that are naturally ordered.  For these reasons, we estimate a multinomial ordered logit (MNOL) model (see for example Wooldridge, 2001).  We also estimate the model taking into account explicitly the sampling structure.  In fact, each observation is weighted by the inverse of the expansion factor when constructing the log-likelihood function (see Wooldridge 1999 and 2001).
  If the sampling structure is exogenous, our unweighted results are consistent and generally more efficient than the weighted results.  However, if the sampling structure is endogenous, the unweighted results are not consistent while the weighted results are.  Our results are estimated using the procedure ologit of Stata.  
4. The Empirical Results
Before presenting the econometric results, it is useful to examine some descriptive statistics.  Table 2 reports the unweighted mean and standard deviations for the variables computed over our sample.  Clearly, the average LF is higher on F trips as compared to backhaul thereby supporting our hypothesis that trucks movements are most often initiated by local demands.  In fact, the difference in the percentage of empty trucks explains the difference in the LF on the two types of trips (the average LF of trucks with a load are very close on both type of trips at about 86.6%).  Moreover, empty trucks travels on longer distances for B trips - the average distance of empty trucks is 278 km on F trips compared to 349 km on B trips.  The adoption rates of both EVMS and REC are quite limited but recall that the data dates back to 1999.  The intercepted trucks are mostly based in Quebec which is hardly surprising given our sample structure.  Tractor-trailer and van dominates in terms of truck configuration and trailer type.  Only about 20% of our observation relates to private trucking.  This can be explained by the fact that the survey targets long distance trips while private trucking mostly specialized in local shipments.   The average trip distance is about 700 km.  When weighting the observations by the expansion factor, we note a significant drop in the average LF and the adoption rate of EVMS while the percentage of empty trucks, trucks based in Quebec, straight trucks and private trucking operation increase.  All these changes are consistent with the association of higher weights to short-distance trips.    
Table 3 illustrates the relationship between LF, the adoption rate of EVMS and some key explanatory factors.  Higher LFs are associated with EVMS, larger trucks, for-hire operations, tractor-trailer configuration, owner-operator and distance.  Moreover, Quebec-based trucks would have lower LFs.  This last result is however less clear if we take into accounts the expansion factor.  EVMS appears to be mostly installed on for-hire larger trucks travelling on long distance.  US and ROC based trucks are also more likely to use this technology.  Obviously, it is difficult to conclude anything using these partial correlations.  Indeed higher LFs on EVMS equipped trucks could simply reflect that these trucks are usually travelling on longer distances.  An econometric analysis is therefore useful to identify the specific impact of the different factors.  

Table 4 and 5 respectively present the econometric results associated with the F and B subsamples.  Columns (1) and (2) report the results of the basis model with and without taking into account the expansion factor.  We also present the results of a model (columns (3) and (4)) where the impact of the EVMS is allowed to be different if the trip distance is shorter or longer than 400 km.  Since the impacts of the explanatory variables may vary with the type of trucks, we also report the results obtained using only observations pertaining to van tractor-trailer (columns (5) and (6)).  From these results, we can access which factors have a significant positive or negative impact on LF.  In order to access the magnitude of the effects, we also present in figure 2 the result of a simulation based on the results of column (2) in table 5 and 6.  This figure illustrates the change in the load factor associated with changes in the various explanatory variables.  These impacts are computed with respect to a reference case corresponding to a trip of 500 km with the variables POPULATION and REVENU set at the sample average and for a truck having the following characteristics:

· No EVMS or REC;

· Five axles;

· Based in Quebec;

· Van/tractor-trailer configuration;

· For-hire operation. 

For example, figure 2 shows that on B trips having an EVMS increase the average LF by about 9.53 percentage points.
From these tables and figures, we can draw the following observations:

· Taking into account the sampling weights appear to have an impact on the estimates of several variables suggesting that the sampling scheme is likely endogenous.  Moreover, since the weighted estimations are more likely to be robust to specification errors, we favour these results in following (see Wooldridge, 1999).

· EMVS appear to slightly reduce LF on F trips particularly on short distances.  This effect is however only statistically significant for one model specification.  On backhaul, EMVS have a positive and significant effect on LF particularly on long distances.  Our simulation indicates that EVMS equipped trucks would have LF about 10 percentage points higher than non-equipped trucks (+ 14.7% for trips longer than 400 km).  So if clearly this technology lead to higher load factor on returns trips, its impact on F trips is less clear.  There is however some indications suggesting that a limited rebound effect exists.  At this stage, it is important to recall that we do not control for the carrier size.  We cannot therefore exclude that the effect of the variable EVMS is capturing differences in companies’ size.    
· Trip recorders have a positive effect on F movements (+5.71 percentage points) and a negative but rarely significant effect on B trips.

· As expected, the LF is positively affected by the truck size particularly on F trips.  For example, a truck with seven axles has on average a LF higher by 15 percentage points than a five axles truck.
· Contrary to what the descriptive analysis suggested, Quebec-based trucks appear to have higher load factor than trucks from the rest of Canada or the US.  This could reflect a better knowledge of the market characteristics for Quebec companies.  It is however important to be very careful with this result since the truck base of operation is closely connected the commercial axe in which the truck operates.  For example, trucks on F trips travelling on the Ontario-Quebec axe are for the vast majority based in the rest of Canada.  In other words, it is difficult to isolate the impact of the truck base from the effect of the commercial axe in which the truck travels.

· Relatively to the tractor-trailer configuration, tractor pulling more than one trailers appear to have lower LFs while straight trucks would have higher LF on forward trips.  It is however important to stress that a truck configuration also affects its size.  Indeed, straight trucks usually have only three axles and not five axles as most tractor-trailers have.  When taking into account these changes in axles, we find that multiple trailers trucks have higher load factor and straight trucks have lower LF than tractor/trailer trucks.

· Usually, we find that specialized trailers such as tanks have much lower LF particularly on backhauls.  There are however some exceptions such as, for example, hoppers that have lower LF on F movements. 

· Interestingly, there appears to be no major differences in the LF of for-hire and private carriers.  Owner-operator appears to be ready to accept lower LFs on F trips (-4.82 percentage points) while there is not significant impact on returns.

· As expected, distance is a major factor affecting LFs on both types of trips. A 1000 km trip has on average a load factor higher by 8 to 10 percentage points compared to a truck travelling on a 500 km journey.  
· Population and traffic positively affect LFs while the variable REVENU has no statistically significant effect.  The impact of population is not negligible since an increase by two standard deviations from the mean implies an increase of LF by 4 to 9 percentage points. 
In order to better access the overall impact of EVMS, we also simulate the change in the tonne-kilometer transported (TKM) associated with this technology in ours sample.  In other words, we estimate the TKM for each of the observation in our sample using the results of our econometric model and then re-compute the TKM that would have been carried if all the EVMS equipped trucks did not dispose of this technology.  In Table 6, we show the percentage increase in TKM associated with EVMS for adopting trucks and for our whole sample.  We also translate these changes in terms of energy efficiency gains using the hypothesis that a one percent increase in LF leads to a 0.2% increase in fuel consumption.  

As already mentioned, the estimated impact of EVMS varies quite a bit depending on whether or not the sampling weight is used in the estimation.  Using the unweighted results, EVMS appear to have very limited effects.  When the observations are weighted, the effect of EVMS on adopting trucks varies from 2.57% to 5.04% in TKM implying an increase in capacity utilization for the industry of 0.32% to 0.7%.  This technology would have improved energy efficiency by 0.26% to 0.56%.  Comparing to Hubbard results for the US, we find that EVMS have had smaller impacts in Canada.  Recall that Hubbard’s finds that adopting trucks increase their TKM by 13% thereby leading to a 3% increase in the industry capacity utilization rate.  Part of the difference in the results can be explained by a lower EVMS adoption rate in Canada (less than 10% compared to 25% in the US).  This lower rate may also mean that Canadian carriers have less experience with this technology thereby reducing its benefits.  Indeed, Hubbard’s analysis suggests that benefits increases with usage.  Obviously methodological differences could also explain part of this difference.         

5. Conclusion
Our empirical analysis indicates that EVMS do indeed increase the load factor of trucks on return trips.  We also find some but weaker evidence that this technology may lead carriers to accept fronthaul trips with lower load factors.  Our simulations also show that, overall, the impact of this technology in Canada was relatively limited in 1999 in part because of a relatively low adoption rate.  A public policy favoring the adoption of this technology (e.g. subsidies for adopting carriers) could potentially be justified by the environmental externalities generated by this industry.  However it is unclear that such a policy would have a significant impact.  Indeed, it is very likely that carriers that benefit the most from EVMS have already adopted the technology.     
Appendix 1. Classification of trips as F or B
To classify an observation as either a fronthaul (F) or backhaul (B) trip, we use a three steps procedure using the information on the trip origin (O), its destination (D) and the truck port of attachment (P).

Step 1: if O corresponds to P, the observation is associated to an F trip.  If D=P, the observation is classified as a B trip.

This first step does not allow to classify all observations.  We therefore proceed with step 2.

Step 2: If O and P are in the same province but D is not, we classify the observation as an F trip.  For a B trip, D and P should be in the same province but O should not be.

Once again this step does not allow classifying all the observations.  We thus apply step 3.

Step 3: if the distance between O and P is smaller (longer) than between D and P, we classify the trip as F (B).
Appendix 2. Maps.
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Source: CCATM (2002)

Table 1 : Variables definition.
	Variable
	Description

	I. Truck characteristics

	   EVMS
	Binary variable sets to 1 if the truck is equipped with an on-board computer and a satellite dish.

	   REC
	Binary variable sets to 1 if the truck is equipped with a trip recorder.

	   AXLES
	Number of axles.

	Port of attachment
	

	   QUEBEC
	Binary variable sets to 1 if the truck is registered in the province of Quebec.

	   ROC
	Binary variable sets to 1 if the truck is registered in the rest of Canada.

	   USA
	Binary variable sets to 1 if the truck is registered in the U.S.

	Configuration 
	

	   TRACTOR-TR
	Binary variable sets to 1 if tractor plus one trailer.

	   TRAIN
	Binary variable sets to 1 if tractor plus more than one trailers.

	   STRAIGHT
	Binary variable sets to 1 if straight truck.

	   STRAIGHT-TR
	Binary variable sets to 1 if straight truck plus a trailer.

	Type of trailer
	

	   VAN
	Binary variable sets to 1 for van type trailer.

	   CONTAINER
	Binary variable sets to 1 for container type trailer.

	   REFRI
	Binary variable sets to 1 for refrigerated van type trailer.

	   PLATFORM
	Binary variable sets to 1 for platform type trailer.

	   LOGGING
	Binary variable sets to 1 for trailer design for logging transportation. 

	   HOPPER
	Binary variable sets to 1 for hopper type trailer.

	   DUMP
	Binary variable sets to 1 for dump trailer type.

	   TANK
	Binary variable sets to 1 for tank trailer.

	   SPECIALIZED
	Binary variable sets to 1 if trailer is specialized equipment (transport of automobiles, animals, boat etc.).

	II. Carrier’s Characteristics

	FOR-HIRE
	Binary variable sets to 1 for-hire carrier.

	PRIVATE
	Binary variable sets to 1 if private carrier.

	OWNER-OP
	Binary variable sets to 1 the truck is driven by an owner-operator.

	II. Trip’s Characteristics

	DISTANCE
	Total trip distance.

	POPULATION
	Population in the area of origin time the population in the area of destination divided the square of the trip distance.  Sources: for Canada Statcan, for the US, US Census Bureau.

	REVENU
	Average of the origin and destination household median revenues.  Sources: for Canada Statcan, for the US, US Census Bureau.

	TRAFIC
	Number of trucks in our sample travelling between the origin and destination area.

	EXPANSION
	Expansion factor i.e. the inverse of the sampling probability.

	II. Commercial Axe Characteristics

	AXEi,j
	Binary variable sets to 1 if the truck travels in the commercial axe linking I and j. 


Table 2: Mean (standard error) 
	Variables
	Sample
	Weighted sample (*)

	LF (%)

   B & F trips
   B trips
   F trips
	61.11

(44.53)

69.35

(41.21)

53.17

(46.14)
	52.31

(45.99)

61.57

(44.03)

44.06

(46.14)

	% Empty Trucks
   B & F trips
   B trips
   F trips
	30.28

(45.94)

21.63

(41.18)

38.60

(48.68)
	38.81

(48.73)

28.97

(45.36)

47.58

(49.94)

	EVMS (%)
	9.18

(28.88)
	6.54

(24.73)

	REC (%)
	14.61

(35.33)
	15.59

(36.28)

	AXLES 
	5.39

(1.39)
	5.23

(1.59)

	QUEBEC (%)
	66.48

(47.20)
	75.13

(43.22)

	ROC (%)
	27.28

(44.54)
	20.67

(40.49)

	US (%)
	6.22

(24.16)
	4.19

(20.04)

	TRACTOR-TR (%)
	83.54

(37.08)
	77.33

(41.86)

	TRAIN (%)
	6.11

(23.96)
	5.98

(23.73)

	STRAIGHT (%)
	9.54

(29.39)
	15.55

(36.24)

	STRAIGHT-TR (%)
	0.79

(8.86)
	1.11

(10.51)

	VAN (%)
	47.48

(49.93)
	47.17

(49.92)

	CONTAINER (%)
	2.99

(17.04)
	3.70

(18.32)

	REFRI (%)
	10.05

(30.07)
	10.08

(30.11)

	PLATFORM (%)
	17.36

(37.88)
	15.70

(36.38)

	LOGGING (%)
	3.39

(18.10)
	3.48

(18.32)

	HOPPER (%)
	4.67

(21.10)
	4.51

(20.76)

	DUMP (%)
	3.77

(19.05)
	5.40

(22.61)

	TANK (%)
	8.74

(28.24)
	8.59

(28.02)

	SPECIALIZED (%)
	1.51

(12.20)
	1.33

(11.46)

	FOR-HIRE (%)
	22.63

(41.84)
	29.38

(45.53)

	PRIVATE (%)
	22.63

(41.84)
	18.22

(38.60)

	DISTANCE (km)
	719.07

(877.12)
	397.18

(519.59)

	POPULATION
	186.11 x 10-6
(0.0013)
	198 x 10-6

(0.0139)

	REVENUES (en mil. CA$) 
	45.87

(9.562)
	44.73

(8.904)

	TRAFIC
	88.47

(99.14)
	100.57

(100.32)

	NUMBER OF TRIPS
	14 022
	167 218


(*) : The expansion factor is used to weight each observation.

Table 3: Average LF and EVMS adoption rate as a function of key variables
	Variables
	Average LF (%)
	Average LF
(weighted) (*) (%)
	EVMS adoption rate
	EVMS adoption rate (weighted) (*)

	EVMS
         Yes
         No
	75.8

59.6
	67.8

51.2
	--
	--

	AXLES
         <5

         >=5
	27.6

65.3
	26.4

57.9
	0.7

10.2
	0.7

7.7

	Province

         QUEBEC

         ROC

         US
	58.7

66.7

61.1
	51.5

54.6

54.4
	5.5

15.8

19.3
	4.3

12.2

17.3

	TRACTOR-REM

          Yes
          No  
	65.1

40.5
	57.1

35.7
	10.6

1.7
	8.0

1.4

	VAN
          Yes
          No
	64.5

58.0
	53.3

51.3
	12.8

5.8
	9.4

3.9

	FOR-HIRE
          Yes
          No
	48.79

64.7
	40.3

57.3
	4.1

10.6
	3.2

7.9

	OWNER-OP
          Yes
          No
	67.0

59.6
	56.4

51.4
	7.9

9.4
	4.6

6.9

	DISTANCE

          < 400 km

          > 400 km
	43.8

76.8
	41.4

75.2
	3.7

14.1
	3.7

12.4


(*) : The expansion factor is used to weight each observation.
Table 4: Coefficients (standard error) for F trips
	Variable
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	EVMS
	-0.0760

(0.0948)
	-0.2411

(0.2219)
	--
	--
	-0.2640**

(0.1338)
	-0.2207

(0.3101)

	EVMS & DIST
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400
	--
	--
	-0.3932**

(0.2053)
	-0.5338

(0.4806)
	--
	--

	EVMS & DIST>400
	--
	--
	0.0325

(0.1099)
	-0.0259

(0.1730)
	--
	--

	REC
	0.0977

(0.0789)
	0.3112**

(0.1280)
	0.1047

(0.0790)
	0.3225**

(0.1272)
	0.3065**

(0.1455)
	0.5113**

(0.2334)

	AXLES
	0.4159***

(0.0434)
	0.4765***

(0.0611)
	0.4163***

(0.0434)
	0.4767***

(0.0610)
	0.5335***

(0.0813)
	0.6048***

(0.1720)

	QUEBEC
	Reference
	Reference
	Reference
	Reference
	Reference
	Reference

	ROC
	-0.3535***

(0.0993)
	-0.5486***

(0.1125)
	-0.3466***

(0.0993)
	-0.5391***

(0.1139)
	-0.2986*

(0.1544)
	-0.6286**

(0.2713)

	USA
	-0.5949***

(0.1646)
	-0.6245**

(0.2911)
	-0.5930***

(0.1649)
	-0.6288**

(0.2937)
	-0.5969**

(0.2561)
	-0.9292**

(0.5419)

	TRACTOR-TR
	Reference
	Reference
	Reference
	Reference
	--
	--

	TRAIN
	-0.7244***

(0.1487)
	-0.8183***

(0.2079)
	-0.7218***

(0.1487)
	-0.8154***

(0.2074)
	--
	--

	STRAIGHT
	0.5640***

(0.1662)
	1.0570***

(0.2590)
	0.5559***

(0.1661)
	1.0493***

(0.2596)
	--
	--

	STRAIGHT-TR
	-0.2265

(0.3093)
	-0.8077***

(0.3704)
	-0.2334

(0.3091)
	-0.8143**

(0.3717)
	--
	--

	VAN
	Reference
	Reference
	Reference
	Reference
	--
	--

	CONTAINER
	-0.2601

(0.1777)
	-0.0661

(0.2971)
	-0.2661

(0.1776)
	-0.0710

(0.2952)
	--
	--

	REFRI
	-0.0644

(0.0862)
	-0.3016***

(0.1162)
	-0.0677

(0.0864)
	-0.3002**

(0.1164)
	--
	--

	LOGGING
	0.2199

(0.1712)
	0.2313

(0.3438)
	0.2144

(0.1711)
	0.2276

(0.3448)
	--
	--

	PLATFORM
	-0.4433***

(0.0748)
	-0.4769***

(0.1245)
	-0.4425***

(0.0747)
	-0.4745**

(0.1221)
	--
	--

	HOPPER
	0.0321

(0.1529)
	0.4743

(0.3042)
	0.0241

(0.1528)
	0.4678

(0.3028)
	--
	--

	DUMP
	-0.5560***

(0.1542)
	-0.5283**

(0.2839)
	-0.5582***

(0.1544)
	-0.5315**

(0.2827)
	--
	--

	TANK
	-0.9184***

(0.1059)
	-0.8454***

(0.2507)
	-0.9218***

(0.1061)
	-0.8520***

(0.2498)
	--
	--

	SPECIALIZED
	-0.6264***

(0.2322)
	0.3814

(0.5345)
	-0.6226***

(0.2318)
	0.3821

(0.5337)
	--
	--

	FOR-HIRE
	-0.0370

(0.0656)
	-0.0002

(0.0962)
	-0.0390

(0.0656)
	-0.0015

(0.0962)
	0.1409

(0.1251)
	0.0141

(0.2053)

	OWNER-OP.
	-0.0890

(0.0639)
	-0.2350**

(0.1033)
	-0.0848

(0.0639)
	-0.2324**

(0.1032)
	-0.1951*

(0.1165)
	-0.1859

(0.1791)

	Log(DISTANCE)
	0.6640***

(0.0430)
	0.7074***

(0.0733)
	0.6544***

(0.0432)
	0.6954***

(0.0710)
	0.8444***

(0.0787)
	0.9501***

(0.1348)

	POPULATION
	97.54***

(25.11)
	87.62***

(32.41)
	94.01***

(25.18)
	84.14**

(32.61)
	100.41***

(59.10)
	67.69

(55.39)

	REVENUES
	0.0053

(0.0033)
	0.0087

(0.0061)
	0.0052

(0.0033)
	0.0084

(0.0062)
	0.0002

(0.0056)
	-0.0005

(0.0088)

	TRAFIC
	0.0006*

(0.0003)
	0.0015***

(0.0005)
	0.0007*

(0.0003)
	0.0015***

(0.0005)
	0.0014**

(0.0006)
	0.0038***

(0.0010)
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	5.0633

(0.3701)

5.4099

(0.3709)

5.7210

(0.3717)

6.3311

(0.3730)
	5.8529

(0.5549)

6.1924

(0.5514)

6.4597

(0.5579)

6.9988

(0.5711)
	5.0013

(0.3706)

5.3483

(0.3714)

5.6596

(0.3722)

6.2698

(0.3734)
	5.7748

(0.5557)

6.1149

(0.5523)

6.3823

(0.5594)

6.9216

(0.5713)
	6.8071

(0.6640)

7.1491

(0.6668)

7.4787

(0.6680)

8.0245

(0.6712)
	7.8052

(1.2864)

8.1733

(1.2916)

8.4072

(1.2995)

8.8395

(1.3025)

	Log-likelihood
	-7288.6
	--
	-7286.5
	--
	-2384.2
	--

	Likelihood ratio test 
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	Wald Test 
	--
	F(50,50)=

179.25
	--
	F(51.49)=

175.8
	--
	F(23.63)=

109.58

	Pseudo R-squared (McFadden)
	0.1120
	0.1080
	0.1122
	0.1083
	0.1145
	0.132

	Numb.. obs.
	6877
	6877
	6877
	6877
	2537
	2537


(1) : Basic MNOL Model without weighting.

(2) : Basic MNOL Model with weighting.

(3) : MNOL Model with cross effect between EVMS and DISTANCE without weighting.

(4) : MNOL Model with cross effect between EVMS and DISTANCE with weighting.

(5) : Basic MNOL Model without weighting estimated on the sub-sample of tractor-trailer/van.

(6) : Basic MNOL Model with weighting estimated on the sub-sample of tractor-trailer/van..

* : significant at 10%, ** : significant at 5%, *** : significant at 1%

(1), (3) et (5) : Standard errors are robust to heteroskedaticicity (Hubber et White estimators).
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 represent the threshold parameters
Table 5 : Coefficients (standard error) for B trips
	Variable
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	EVMS
	0.2147**

(0.0897)
	0.4231***

(0.1387)
	--
	--
	0.3141**

(0.1262)
	0.5723***

(0.1853)

	EVMS & DIST
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400
	--
	--
	-0.3057

(0.1893)
	0.1833

(0.2889)
	--
	--

	EVMS & DIST>400
	--
	--
	0.3708***

(0.1056)
	0.6190***

(0.1184)
	--
	--

	REC
	-0.1211*

(0.0713)
	-0.2458

(0.1574)
	-0.1128

(0.0715)
	-0.2409

(0.1571)
	0.0299

(0.1261)
	-0.0085

(0.2009)

	AXLES
	0.1795***

(0.0371)
	0.1063

(0.0671)
	0.1770***

(0.0371)
	0.1047

(0.0675)
	0.2616***

(0.0664)
	0.1364

(0.1014)

	QUEBEC
	Reference
	Reference
	Reference
	Reference
	Reference
	Reference

	ROC
	0.0407

(0.0841)
	-0.2313

(0.1610)
	0.0448

(0.0845)
	0.2305

(0.1601)
	0.1132

(0.1291)
	-0.2904

(0.1945)

	USA
	-0.4964***

(0.1710)
	-1.129***

(0.2446)
	-0.4887***

(0.1713)
	-1.1441***

(0.2417)
	-0.7648***

(0.2646)
	-1.2943***

(0.4605)

	TRACTOR-TR
	Reference
	Reference
	Reference
	Reference
	--
	--

	TRAIN
	-0.4555***

(0.1309)
	0.0702

(0.3269)
	-0.4490***

(0.1308)
	0.0710

(0.3268)
	--
	--

	STRAIGHT
	-0.2020

(0.1484)
	-0.2021

(0.2229)
	-0.2251

(0.1482)
	-0.2155

(0.2250)
	--
	--

	STRAIGHT-TR
	-0.2026

(0.2515)
	0.2549

(0.3360)
	-0.2113

(0.2506)
	0.2492

(0.3353)
	--
	--

	VAN
	Reference
	Reference
	Reference
	Reference
	--
	--

	CONTAINER
	-0.2050

(0.1562)
	-0.3629*

(0.1883)
	-0.2062

(0.1565)
	-0.3589**

(0.1912)
	--
	--

	REFRI
	-0.2288***

(0.0802)
	-0.2181**

(0.1057)
	-0.2344***

(0.0801)
	-0.2205**

(0.1045)
	--
	--

	LOGGING
	-0.0497

(0.1387)
	-0.2791

(0.2258)
	-0.0535

(0.1388)
	-0.2801

(0.2266)
	--
	--

	PLATFORM
	-0.5072***

(0.0715)
	-0.3874***

(0.1342)
	-0.5076***

(0.0714)
	-0.3858***

(0.1337)
	--
	--

	HOPPER
	-0.1726

(0.1442)
	0.0760

(0.2593)
	-0.1797

(0.1438)
	0.0772

(0.2584)
	--
	--

	DUMP
	0.0822

(0.1471)
	0.0270

(0.2593)
	0.0730

(0.1465)
	0.0213

(0.2827)
	--
	--

	TANK
	-1.4096***

(0.0997)
	-1.0055***

(0.2434)
	-1.4146***

(0.0996)
	-1.0258***

(0.2439)
	--
	--

	SPECIALIZED
	-1.0030***

(0.2170)
	-1.0256***

(0.2668)
	-1.0091***

(0.2168)
	-1.0258***

(0.2667)
	--
	--

	FOR-HIRE
	-0.1080*

(0.0612)
	-0.1505

(0.1114)
	-0.1086*

(0.0613)
	-0.1502

(0.1274)
	-0.0298

(0.1103)
	-0.0386

(0.1872)

	OWNER-OP.
	0.0632

(0.0613)
	0.1590

(0.1114)
	0.0628

(0.0613)
	0.1585

(0.1109)
	0.0985

(0.1072)
	0.1271

(0.1894

	Log(DISTANCE)
	0.5526***

(0.0383)
	0.6356***

(0.0733)
	0.5373***

(0.0384)
	0.6250***

(0.0764)
	0.8338***

(0.0703)
	1.0032***

(0.0759)

	POPULATION
	102.56***

(21.78)
	147.74***

(24.88)
	98.66***

(21.74)
	145.20***

(25.65)
	155.09***

(47.58)
	192.80***

(26.559)

	REVENUES
	0.0007

(0.0032)
	0.0034

(0.0041)
	0.0004

(0.0032)
	-0.0000

0.0041)
	-0.0037

(0.0052)
	-0.0017

(0.0062)

	TRAFIC
	0.0000

(0.0003)
	0.0012*

(0.0006)
	0.0000

(0.0003)
	0.0012*

(0.0006)
	0.0009*

(0.0005)
	0.0028

(0.0006)
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	3.6978

(0.3274)

3.9810

(0.3276)

4.1798

(0.3279)

4.5992

(0.3284)
	3.8503

(0.5654)

4.1739

(0.5836)

4.3319

(0.5850)

4.6880

(0.5821)
	3.5695

(0.3287)

3.8531

(0.3290)

4.0522

(0.3292)

4.4719

(0.3298)
	3.7622

(0.5940)

4.0860

(0.6078)

4.2440

(0.6092)

4.6003

(0.6062)
	5.5043

(0.5449)

5.7975

(0.5459)

6.0105

(0.5465)

6.3496

(0.5477)
	5.8981

(0.6615)

6.2098

(0.6701)

6.3838

(0.6670)

6.6903
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	Log-likelihood
	-7894.0512
	-7807.4
	-7888.954
	-7805.0
	-2780.6665
	-2835.9

	Likelihood ratio test 
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	Wald Test 
	--
	F(49,51)=

176.38
	--
	F(50,50)=

173.5
	--
	F(24,58)=

59.34

	Pseudo R-squared (McFadden)
	0.0988
	0.0875
	0.0994
	0.087
	0.0875
	0.0989

	Numb.. obs.
	7145
	7145
	7145
	7145
	2656
	2656


(1) : Basic MNOL Model without weighting.

(2) : Basic MNOL Model with weighting.

(3) : MNOL Model with cross effect between EVMS and DISTANCE without weighting.

(4) : MNOL Model with cross effect between EVMS and DISTANCE with weighting.

(5) : Basic MNOL Model without weighting estimated on the sub-sample of tractor-trailer/van.

(6) : Basic MNOL Model with weighting estimated on the sub-sample of tractor-trailer/van..

* : significant at 10%, ** : significant at 5%, *** : significant at 1%

(1), (3) et (5) : Standard errors are robust to heteroskedaticicity (Hubber et White estimators).
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 represent the threshold parameters
Table 6 : Impacts of EVMS on TKM and Energy efficiency 

	Impacts of EVMS
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	TKM (%) for adopting trucks
	1.3
	2.57
	2.9
	5.04
	0.47
	4.05

	TKMT (%) for the whole sample
	0.21
	0.32
	0.47
	0.63
	0.09
	0.7

	Energ. Efficieny (%)
	0.17
	0.26
	0.37
	0.50
	0.07
	0.56


Columns (1) to (6) uses the empirical results reported in the corresponding column of table 4 and 5 to simulate the impacts of EVMS.
Figure 1.
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Figure 2. Simulation results using column (2) results from Tables 4 and 5. 
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ns: not statistically significant

(1): the number of axles is increased from 5 to 7.

(2): the number of axles is reduced from 5 to 3 
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� See for example see the web site of Cancom at � HYPERLINK "http://www.cancomtracking.com/pages/about_testimonial.asp" ��http://www.cancomtracking.com/pages/about_testimonial.asp�. 


� Search costs not only include the cost associated with identifying complementary demands but also the cost of having a truck idle during the search process.


� Administrative and confidentially policies made it too costly to gain access to the whole data set.  


� For Quebec, a “region” corresponds to an administrative region or a metropolitan census region.  For the rest of Canada and the U.S., a region is either a Province or a State.


� It is computed as the difference between the weight of the truck full and empty.  The former is evaluated as the number of axles times 8 500 kg (i.e. the maximal weight per axles authorized by the Canadian regulation), the latter is based on the weight of empty trucks in the current survey and in the survey realized in 1995.


� The main results obtained using the LF based on cargo weight are similar to those presented in the next section.  These results are available from the authors.


� We also take into account the clustering by survey site when computing the standard errors of the estimates.  
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