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ABSTRACT

This research analyses diverse “Multiple Classification Analysis” (MCA) methods to model trip production (generation). It is first shown that the version of MCA methods that is most widely used in transportation engineering (MCA_SM1), implies a set of rarely feasible assumptions which transgression drives a significant overestimation of the forecasted number of trips and a bias over wealthiest households. Afterwards, by means of Monte Carlo simulations and real data from Santiago de Chile, the diverse MCA methods are compared, concluding that MCA_SM1 should be discarded and that the simple average by category (MCA_SAC) is the more robust, among the MCA methods analysed, to diverse specifications of the underlying model. Finally it is pointed out the necessity of using formulations more sophisticated than MCA to model trip generation.
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INTRODUCTION

In 1983, Sthoper and McDonald made a pioneering application of the Multiple Classification Analysis (MCA), a method regularly used in Social Sciences, to model trip generation rates within the classic four stages urban transportation systems model. Afterwards, the method was widely replicated in many studies, reported in books and explained in transportation modelling handbooks and reviews (Sectra, 1997; TMIP, 2004; Ortúzar and Willumsen, 1994).

However, it has been noted that the application of the MCA method, as it is described in by Stopher and McDonnald (1983), considerably overestimates the predicted trips in the urban transportation system, problem that makes the revision of its fundaments a must. With this aim, in this paper are studied diverse MCA methods described in the literature, which are then analysed by means of two Monte Carlo experiments and real data from Santiago de Chile. Finally, mean conclusions and recommendations for modelling trip generation, are exposed.

1 MCA METHODS DESCRIBED IN THE LITERATURE
1.1 First MCA Method Described by Stopher and McDonald (MCA_SM1)

We begin analysing the first of two MCA methods described by Stopher and McDonald (1983), which is consequently denominated as MCA_SM1. This method is also described in Ortúzar and Willumsem (1994), SECTRA (1998) and TMIP (2004). This method can be applied to multiple clusters but, to simplify the analysis and the comparison with other methods, we will consider a special case where outbound household based (OHB) trips are modelled depending on the income and the motorization stratum to which household belongs. Under this setting the trip rate for a determined income-motorization category (im) is estimated with this method as the summation of: a) the average number trips by household (
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); and c) the difference between the average number trips of households with motorization m and the total average (
[image: image3.wmf]t

t

m

ˆ

ˆ

.

-

). This is first shown in expression (1) and, after some algebra, formally in expression (1’) where vh corresponds to the observed trips generated by household h and 1him=1 if household h belongs to category im and zero otherwise. 
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(1’)

Stopher and McDonald (1983) state that (1) corresponds to an application of the analysis of variance (or ANOVA) method. ANOVA is equivalent to an Ordinary Least Squares (OLS) model which is linear in a set of dummy variables (Greene, 2003). Under this setting, it can be shown that Stopher and McDonald fail to declare and important assumption needed for expression (1) to be valid, that is that the number of observations by category (income-motorization) has to be exactly the same (Glass and Stanley, 1986).

If random household sampling is used, the number of observations by category will not be equal. Because income and motorization are positively correlated, necessarily more observations for high income - high motorization and low income – low motorization, will be observed.

The practical impact of not accomplishing this assumption is that forecasted trips are considerably overestimated. Because extreme cells are “over-represented”, the 
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 are smaller than they should (that is if the number of observations by categories is the same) for low income and motorization levels; and bigger than they should for high income and motorization levels. This bias implies then an overestimation of the impact of household’s movement from low to high categories, in the number of trips, which is precisely what is expected as economy grows. This effect is discussed in section 3 by means of a Monte Carlo simulation and in section 4 its impact is shown using real data form Santiago de Chile city.
1.2 Second MCA Method Described by Stopher y McDonald (MCA_SM2)

This method is presented by the authors as a correction of the MCA_SM1 method for cases in which "interaction" among variables is present. It corresponds to a numerical correction that tries to spot on the fact that the number of observations by cell or category is not equal. In this sense, when the authors talk about “interaction” it has to be understood that this really corresponds to correlation among explanatory variables.
This method appears also described in Ortúzar and Willumsem (1994), but not in the other references cited before. It differs from MCA_SM1 just in that  
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 are now calculated as weighed averages as it is shown in expression (2). 
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(2)

1.3 MCA Method of Linear Ordinary Least Squares (MCA_LOLS)

Nagpaul (2001) describe this method as the result of a minimum square error estimation of a linear model where the number of trips is constructed as the summation of the sample average (
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ˆ

) and a “deviation coefficient” associated with the fact that a household belongs to a specific income or motorization level, plus an error term (ε) as it is shown in expression (3) for the example analysed. Model (3) is linear in the sense that the impact on the trip rate of a household belonging to a certain income level is independent of household’s motorization level and vice versa. 
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The vector θ corresponds to the coefficients to be estimated. Note the similarity between expressions (3) and (1). As it was explained before, (
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) in (1) correspond to the estimated coefficients of model (3) in the particular case that the number of observations by category is the same. For the general case however, Nagpaul (2001) indicates that vector θ can be estimated iteratively. Nevertheless, the utilization of said difficult procedure is unnecessary because the algebraic solution for this problem is well know as the Ordinary Least Squeares (OLS) problem. 

However, before utilizing the OLS estimator it is necessary to note that the coefficients of model (3) are not identifiable, and thus infinite combinations of coefficients minimize the square error. This occurs because both vectors of dummy variables add up to 1, and thus, perfect colinearity exists. More important, if the average trip rate (
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) that appears in (3) has to be estimated instead of been fixed, it would also be perfectly colinear with the dummy variables. Model (3’) shown below is one of the possible models fully equivalent to (3) and estimable by OLS. In it, income level one and car ownership zero were considered as a base and a constant coefficient to be estimated was added. 
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(3’)

Just for a pedagogical interest, once the OLS estimator is obtained, it would be possible to re-write model (3’) in such a way to recover the components of the problem (3). In any case, the trip rates estimated with the models (3’) and (3) would be numerically equal. Thus, (3) -and equivalently (1)- should be seen just as a convenient way to present the results obtained by an OLS model like (3’), in which the coefficients are re-ordered in a way to recover an interpretation of the marginal impact that a household belongs to a determined income or motorization level.
Now, understanding the MCA_LOLS method as an application of OLS, it is possible to use all computational and statistical tools available for it in the literature. Particularly, if some distribution of the error (ε’) is assumed, for example Normal (μ,σ), it would be possible to use statistical tests (F, R2, etc.) to identify variables for stratification or the size of categories.

According to what was indicated previously, this method is equivalent al MCA_SM1 in cases in which the number of observations by category is the same. Thus, it can be thought that the “solution” for MCA_SM1 would be just to re-built the sample by randomly eliminating observations up to a point where all cells have the same number of observations. Even disregarding the fact that some categories would have size zero, this is not recommendable because, as the sample size is being reduced, the efficiency will be being reduced as well.

Finally, the MCA_SM2 method can be seen as just as a numerical approximation of the MCA_LOLS method in cases where the MCA_SM1 method is no applicable because the number of observations is not the same. Clearly, if the MCA_LOLS method is completely applicable, it makes no sense to use just an approximation of it.
1.4 MCA Method of Simple Average by Category (MCA_SAC)

The last method analysed corresponds to the MCA_SAC method, which consists in calculating the average number of trips by household for each category. This method, also know as "Categories Analysis" (Ortúzar and Willumsem, 1994), is equivalent to the estimation of an OLS model with dummy variables representing each category. Nevertheless, to achieve identification, it is necessary to set some categories to zero, just as is shown in (4) for the example analysed in this research.
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This method possesses the advantage of considering non-linear effects in the number of trips by household, besides allowing the implementation of statistical significance tests. Nevertheless, it has the disadvantage of using less information to estimate each coefficient, reducing the efficiency in the coefficients estimators.

The MCA_SAC can be rewritten as the MCA_LOLS plus the interaction (non-linear) parameters δ shown in expression (4’). Despite the coefficients estimated with both models will not be equal, the estimated trip rates derived from them will be the same. For example, for category (2,2), 
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(4’)

Thus, the MCA_LOLS method could be considered as a restricted model of the MCA_SAC method. With this, if it is assumed, for example, that errors are distributed Normal (0,σ2), it would be possible to perform an F test to check for the statistical difference of both estimated trip rates. If the null hypothesis is accepted, that is if MCA_LOLS and MCA_SAC models are statistically equivalent, this would be an indication that the underlying model is linear. In this case MCA_LOLS and MCA_SAC are both consistent but the first one is more efficient and thus MCA_LOLS should be chosen. If the null hypothesis is rejected, this would be an indication that the underlying model is non-linear. In this case only MCA_SAC is consistent and thus it should be chosen. MCA_LOLS is inconsistent because the omitted attributes are correlated with the observed linear attributes, causing endogeneity (Guevara and Ben-Akiva, 2006). This indicates that MCA_SAC method turns out to be more robust against different underlying specifications.

2 MCA METHODS COMPARISON BY MEANS OF MONTE CARLO EXPERIMENTS

In this section is analysed the level of accuracy of the MCA methods described in section 2. This is achieved by means of the implementation of two Monte Carlo experiments. The underlying or "real" model used in the first experiment considers that trip generation rates are linear in income and in car ownership. For the second experiment the underlying model is considered non-linear in the same variables. For both experiments it was considered, a sample of 1000 households distributed by income and motorization. These variables were built as positively correlated and thus, extreme categories became more populated than others, as it can be seen in Table 1.

2.1 Linear Underlying Model

In Table 2 are shown the “real” household trip generation rates considered in this experiment, which are linear in household income (1, 2 and 3) and motorization level (0, 1 and 2). Indeed, it can be seen that the rates raise 0.2 trips for each motorization level ascended (independent of the income level) and 0.6 trips for each income level ascended (independent of the motorization level). The number of "observed" trips for each household was built as the summation of the "real rate" and an error term built iid Uniform (-0.5, 0.5). Other error structures and distributions were tested without changing the conclusions of this research. 
Firstly, the MCA_SM1 trip rates were calculated applying the method to the "observed" trips. In Table 3 can be seen that those rates have a reasonable behaviour in the sense of grow with income and motorization. This is one of the arguments stated in the literature in favour of this method against MCA_SAC. 

However, it can be noted also that if the estimated rates are compared with the real rates, the MCA_SM1 method is upward biased for categories of high income and high car ownership, and downwards biased for lower income and car ownership levels. Because of this bias, despite the MCA_SM1 method reproduces the total observed number of trips in the estimation sample; it cannot correctly reproduce this total for the future time cuts. Economic growth will necessarily imply a "migration" of households from low to high income and motorization stratums. Because of the bias described before, the impact of this migration in the total number of trips will be overestimated.
For the developed experiment, the overestimation goes from 17% to 183%. Consider for example the case in which the unique change corresponds to the "migration" of 100 households from income category two and car ownership zero, to that of income two and car ownership one. If real rates are considered (Table 2), the impact of this migration in the total number of trips would be of (1,8-1,6)*100 = 20 trips. On the other hand, if MCA_SM1 estimated rates (Table 3) are considered, the impact in the total number of trips would be of (1,92-1,43)*100 = 48 trips. That is, a 183% of overestimation of the change in the number of trips caused by the migration of households. 

If this trip generation model is used within a classic four stages framework, the impact of the bias described would additionally imply an overestimation of private automobile share and system consumptions. This impact is discussed with greater detail in the application with real data described further on in the section 4.  

Secondly, the MCA_SM2 method was applied to the same database, resulting in the trip rates that are reported in Table 4. Comparing the results of the Table 4 with the ones of the Table 3 and the real rates reported in the Table 2, it can be noted that the application of the MCA_SM2 method significantly reduces the problem of trips overestimation that occurs with the migration of households to higher categories. Nevertheless, it can also be noted that, because MCA_SM2 corresponds to an approximated method, it does not reproduces the total number of trips, neither by level or category. The effect and importance of this last problem will be discussed further on in section 4. 

Thirdly, in Table 5 are shown the MCA_LOLS estimated rates for the linear underlying model. It can be seen that in this case the rates obtained are very similar to the real ones. Additionally, it can be noted that the bias observed for MCA_SM1 is no longer present.
In Table 6 are shown the rates that result of the application of the MCA_SAC method to the linear model considered in this section. It can be seen that, as with MCA_LOLS, in this case the rates obtained are very similar to the real ones, in comparison with the ones that were obtained with the MCA_SM1 method. Also, the bias over higher categories is not observed.

The next step in the research corresponded to repeat the Monte Carlo experiment described in Tables 1 and 2, by generating various errors vectors. The objective is to compare the precision attained by the analysed methods independently of the error component. It was observed that, from the 10th simulation, the ranking of the methods become stable. However, to guarantee robustness, 20 Monte Carlo simulations were considered to make the comparison. Subsequently, for each simulation, it was calculated the average of the absolute difference among “real” and estimated rates by category, and also the absolute error weighed by the number of observations of each category. The results of these 20 simulations were then averaged and are presented in Table 7. 

The first conclusion drawn from Table 7 is that MCA_SM1 estimated rates are the worst ones, with errors that surpass the 25%. On the other hand, MCA_SM2 method reduces to a certain extent the problem, but it is not better than MCA_LOLS neither to MCA_SAC methods. 

In turn, MCA_LOLS method is clearly over all the alternatives. It is better than MCA_SM1 because the assumption of equal number of observations by category is far from being complied (Table 1). It is superior to MCA_SM2, because this method corresponds only to a numerical approximation that tries to realize the disparity in the number of observations by category. Finally it is superior to MCA_SAC because MAC_LOLS implies the estimation of fewer coefficients (five instead of nine) with the same number of observations. In other words, MCA_LOLS does a more efficient estimation of the coefficients by considering a greater variance in the observations.
2.2 Non Linear Underlying Model

In this section is considered a case in which the "real" trip generation rates are non linear in income and car ownership and thus, the effect of a change in income level depends on the level of car ownership of the household and vice versa. As with the linear case, "observed" rates were built as the sum of a "real" rate for each category (Table 8) and an error term distributed U(-0,5; 0,5). As with the linear model other error structures and distributions were tested without changing the conclusions of this research.

In Table 9 is presented the average precision analysis of the diverse methods considered by means of 20 Monte Carlo simulations. In this case it can be observed that, just as occurred with the linear model, the MCA_LOLS is better than the MCA_SM2 and this one is better than MCA_SM1. Nevertheless, in this case the associated errors of those methods are several times higher than the ones of MCA_SAC. This is because, as it was indicated before, MCA_SAC method is the only one that not assumes that rates are linear in income and motorization. 
It can be noted also that the errors of the MCA_SAC are equal for the linear and the non linear underlying model. This is because its error level is associated only with the number of observations by cell and the simulation error, aspects that were not changed when passing from the linear to the non linear model. 

3 MCA METHODS COMPARISON BY MEANS OF REAL DATA FROM SANTIAGO DE CHILE

The final exercise corresponded to the comparison of the MCA methods using real data obtained from the Origin and Destination Survey (ODS) carried out in the city of Santiago in 2001. The details regarding the ODS 2001 can be revised in Sectra (2003). 

As opposed to what occurred with the Monte Carlo simulations, in this case the “real” rates are obviously not known. The “observed” rates were determined as the number of outbound home based (OHB) trips by household observed in the survey sample between 7:15 and 9:15 AM of a weekday in a non-holiday season,. Using this data, the estimated rates were calculated using MCA_SM1, MCA_SM2, MCA_LOLS and MCA_SAC methods, and are reported in Table 10. 

In Table 10 it can be noted that, despite income level 5, the rates obtained with MCA_SM1 method have a reasonable behaviour, in the sense of rising with income and car ownership. Nevertheless, just as it occurred with the Monte Carlo simulations, this apparently positive property implies an important distortion in the estimated coefficients that causes an overestimation of the future generated trips. In fact, it can be seen that, compared with the MCA_SAC; the MCA_SM1 method tends to reduce the rates for the categories of lower income and car ownership and to amplify them for the highest ones. 

On the other hand, the MCA_SM2 method does corrects MCA_SM1 method’s trip rates in the right direction, which is flatting them and thus making them more similar to the ones obtained with the MCA_LOLS and MCA_SAC methods. However, this improvement still hides a problem for the estimation for future time cuts, which is going to be shown later within the analysis of future land use scenarios.

MCA_LOLS and MCA_SAC trip rates are very similar. To decide which on to use it was performed an F test to verify the null hypothesis that both estimated coefficients are statistically equal. The necessary coefficients to carry out this test correspond to: 

· The number of observations (n = 9.038). 

· The number of coefficients of the unrestricted model, that in this case corresponds to MCA_SAC (k = 15).

· The number of constraints imposed to arrive to the restricted model MCA_LOLS (m = 7). 

· The R2 of the MCA_LOLS (R2 = 0,1145) and MCA_SAC (R2 = 0,1166). 

The value of the F test in this case is 2,74, which surpasses the critical value at 95% of confidence (1,94), with 8 and 9.023 degrees of freedom. This implies that the MCA_SAC model is statistically different to MCA_LOLS and, according to what was discussed previously, the MCA_SAC method should be the selected to estimate the trip generation rates. 

Additionally, it can be noted that the rates estimated with MCA_LOLS and MCA_SAC are very similar for all categories, except for the extreme ones. Those categories are the ones with fewer observations, indicating that the problem would be caused by a sample size bias. In real applications this problem should be rectified by means of the joining categories with few observations.

The final step in this research corresponded to the calculation of the number of OHB trips estimated by method for land use scenarios for the years 2005 and 2010. In Tables 11 and 12 are presented the number of OHB trips by level of car ownership for the MCA_SAC method. This number is then used as reference to calculate the difference in forecasting compared with the other methods. The same analysis was be carried out for income level but, because the conclusions obtained were fully equivalent, they are not presented in this paper for the sake of space.

It can be seen that, for both time cuts, the total number of trips forecasted with MCA_SAC is surpassed by the ones forecasted with MCA_SM1 and, at the same time, MCA_SM1 estimate is surpassed by the total forecasted with MCA_SM2. On the other hand, the MCA_LOLS method forecasts a total number of trips that is very similar to the one of MCA_SAC. 

Going now specifically within categories, it can be noted that for categories with zero car (captives of public transportation), the number of trips estimated with MCA_SM1 is smaller than the one with MCA_SAC. On the contrary, the number of trips estimated with MCA_SM1 is greater than the one with MCA_SAC for the households with two or more cars.
Those results implies that, if the origin vectors obtained with the method MCA_SM1 are utilized in an equilibrium model, the number (and the relative percentage) of trips predicted in private transportation will be overestimated and the ones of public transportation will be underestimated. This effect will be caused by the underestimation (between 19% and 18%) of public transportation captives users; the overestimation of users with car availability (between 19% and 30%); and the negative effect in the participation of public transportation that has the unrealistic increase in congestion levels produced by the “unrealistic” increase of private transportation trips. Furthermore, this overestimation of trips, vehicles and congestion in the system, would imply an overestimation of social and private benefits of transportation infrastructure projects, which would drive then to erroneous social and private project evaluations. 

On the other hand, in Tables 11 and 12 can be seen that MCA_SM2 still overestimates the number of trips, but that this overestimation is more flat among car ownership levels. However, despite the relative percentage of trips by mode would be better than the ones derived from the application of MCA_SM1, the overestimation of car trips will cause an overestimation of congestion, and thus, an overestimation of resources consumptions and on the shift from public transportation to private transportation.

Finally, it can be seen that the MCA_LOLS method, that was discarded by means of the F test described previously, delivers very similar results to the ones of MCA_SAC, in comparison with the level of error produced by the other methods. What is happening is that inconsistency due to omitted attributes in which ACM_LOLS falls, is far from the importance of the serious specification problems of the ACM_SM1 and ACM_SM2 methods. In other words, this means that the “statistical” difference between MCA_LOLS and MCA_SAC if for far below the “structural” difference with MCA_SM1 and MCA_SM2.

4 CONCLUSIONS AND RECOMMENDATIONS

The first conclusion that can be obtained from this research is that MCA_SM1, the MCA method most widely used worldwide to estimate trip outbound home based (OHB) trips, should be discarded because it is supported in assumptions with very low probability of occurrence and which transgression implies severe bias in transportation systems modelling.
In turn, the MCA_SM2 method, a numerical correction of the MCA_SM1 method described in some references, is indeed better than MCA_SM1 but is still weak in modelling future time cuts. Moreover, because the method that MCA_SM2 tries to approximate is fully available, this method should also be discarded. 

The methods MCA_LOLS and MCA_SAC are clearly superior to the previous ones, in terms of precision and theoretical framework. The selection of one or another will depend on the case investigated, decision that can be tested statistically. However, it can be affirmed that MCA_SAC model is more robust against the specification of the underlying model since, even if the underlying model is not the “appropriate” one for MCA_SAC, the estimated rates will still be consistent but less efficient than MCA_LOLS. On the other hand if the underlying model is the “incorrect” one for MCA_LOLS, the parameters estimated with it will be inconsistent.

Finally, it has to be noted the low level of adjustment (R2 = 0,1166) reached by the trip generation models that depend only of the income and car ownership categories. If household size is added as a stratification variable (covering with this the majority of the trip production models estimated across the world) a statistically significant improvement is attained, but the resultant model still lacks of explanatory power (R2 = 0,1332). This reflects the necessity to investigate more sophisticated models, far from just considering dummy variables by category. Drafting on this line, this research explored some non-linear specifications considering continuous and dummy variables, including accessibility and household composition. This exercise allowed substantial improvements (R2 = 0,3012) but, undoubtedly, lots of efforts are still to be done in this line.
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Table 1: Households by Category, Monte Carlo Simulations
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Income 0 1 2

1

352 132 3 487

2

109 213 99 421

3

2 24 66 92

Total

463 369 168 1000
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Table 2: "Real" Rates, Linear Model, Monte Carlo Simulations 
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Table 3: MCA_SM1 Rates, Linear Model, Monte Carlo Simulations 
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Table 4: MCA_SM2 Rates, Linear Model, Monte Carlo Simulations 
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Table 5: MCA_LOLS Rates, Linear Model, Monte Carlo Simulations 
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Table 6: MCA_SAC Rates, Linear Model, Monte Carlo Simulations 
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Table 7: Different Methods Error, Linear Model, Monte Carlo Simulations

	
	MCA_SM1
	MCA_SM2
	MCA_LOLS
	MCA_SAC

	Average Error
	27%
	5,3%
	2,4%
	4,8%

	Prorated Error
	25%
	3,1%
	1,7%
	2,0%


Table 8: Real Rates Non Linear Models, Monte Carlo Simulations
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Table 9: Different Methods Error, Non-Linear Model, Monte Carlo Simulations

	
	MCA_SM1
	MCA_SM2
	MCA_LOLS
	MCA_SAC

	Average Error
	39%
	23,5%
	18,3%
	4,8%

	Prorated Error
	32%
	19,4%
	4,9%
	2,0%


Table 10: Household Based Trip Generation Rates, Diverse Methods, EOD 2001
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Table 11: Number of HB Trips and Percentage referred to MCA_SAC 

Diverse Methods, 2005 Scenario

	Motorization
	MCA_SM1
	MCA_SM2
	MCA_LOLS
	MCA_SAC

	0
	-19%
	8%
	-0,53%
	4.19.022

	1
	19%
	9%
	0,92%
	329.156

	2+
	30%
	18%
	-0,39%
	172.105

	Total
	3,8%
	10%
	0,015%
	920.283


Table 12: Number of HB Trips and Percentage referred to MCA_SAC 

Diverse Methods, 2010 Scenario

	Motorization
	MCA_SM1
	MCA_SM2
	MCA_LOLS
	MCA_SAC

	0
	-18%
	4,6%
	-1,8%
	459.660

	1
	18%
	9,9%
	2,2%
	448.738

	2+
	30%
	18%
	-0,44%
	272.236

	Total
	6,8%
	9,7%
	0,055%
	1.180.635








� First versions of this paper were done while Cristian A. Guevara was working as an engineering advisor for  SECTRA
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