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Abstract
The literature has suggested that individuals employ more simplified decision making rules than the compensatory rule represented by the linear-in-attributes utility function. However, the parameter estimation of such simplified decision rules is not necessarily simpler than that of the compensatory rule because of a high non-linearity of the model.

The empirical estimability of the semi-ordered lexicographic model is examined in this study. Three methods are compared in this study: the conventional maximum likelihood estimation, the sequential estimation procedure by applying a data mining algorithm, and the hybrid estimation procedure of above two alternatives. The three methods are examined using the synthetic data with three alternatives and three attributes, where 1000 hypothetical individuals are postulated to make decisions via semi-ordered lexicographic rule. Conventional multinomial logit models are also estimated with the same data for comparison purpose. The result shows that the convergence rate of the semi-ordered lexicographic model is low especially for the case with negative correlation of the attributes. On the other hand, data mining algorithm has no problem in convergence, but it sometimes generates wrong order of compared attributes for the case with positive correlation. And, the hybrid methods improve the estimability only for the case with small heterogeneity in the thresholds.
Keywords: estimability, semi-ordered lexicographic model, data mining algorithm, decision tree.
INTRODUCTION
Conventional discrete choice models implicitly assume that the decision maker considers all the alternatives available, correctly recognize each attribute of each alternative, and evaluate each alternative independently from other alternatives. Many social scientists have criticized such assumptions as unbounded rationality, and various econometric models have been proposed to incorporate the limited ability of the decision maker. Particularly, hierarchical or sequential decision rules such as lexicographic and Elimination by Aspects (Tversky, 1972), where alternatives are processed attribute-by-attribute, is considered to be closer to the actual choice process and supported by empirical findings in a number of studies (e.g. Wright, 1975).  In transportation research field, Recker and Golob (1979), Williams and Ortúzar (1982), Gensch and Svestka (1985), and Kurauchi and Morikawa (2001) proposed the models that apply the semi-ordered lexicographic rule (Coombs, 1964), and show their efficiency in terms of the reproducibility and predictive accuracy compared to the compensatory model.
In addition to the semi-ordered lexicographic rule, other sequential decision rules have been also proposed. Among that, decision making process in discrete choice can be regarded to have two stages: choice set generation and choice from the choice set. The two stage decision making process was originally proposed by Manski (1977). Başar and Bhat (2004) applied the two stage decision making process to airport choice analysis, where random constraint-based approach proposed by Swait and Ben-Akiva (1987) was used for the choice set generation stage. The size of the universal choice set is only three, but the estimation results using revealed preference (RP) data suggest that the two stage model clearly outperforms the conventional model using multinomial logit (MNL) structure. Cantillo and Ortúzar (2005) applied the two stage process to route choice analysis. They also used Swait and Ben-Akiva’s random constraint-based approach for the choice set generation stage. Simulated data and SP data are used for model estimation, and the sizes of the universal choice set are only three and two, respectively. The results suggest that the conventional one stage choice models may lead to serious errors in estimation and in predictions when the decision maker uses the two stage choice process.

The perception of attributes and the evaluation of alternative in the decision stage are also examined recently. Avineri and Prashker (2004) examined the evaluation process of uncertainty of travel time in route choice situation using stated preference (SP) data. The results suggest the existence and the robustness of the certainty effect (Allais paradox) and inflating small probabilities proposed by Kahneman and Tversky (1979). Cantillo et al. (2006) incorporated thresholds for perception of attribute values in mode choice analysis, where too small change in attribute value is not recognized by the decision maker. Simulated data and SP data are used for the model estimation. The results with simulated data suggest that the proposed model always provides superior model fit to the conventional model. The results with SP data suggest that the threshold for travel time is statistically significant, while that of travel cost is insignificant.
Above mentioned studies suggest that sequential decision process is realistic, and the perception of attributes and the evaluation of alternative may include some thresholds. The literature also has suggested that individuals employ more sequentially simplified decision making rules than the compensatory rule represented by the linear-in-attributes utility function. However, the parameter estimation of such simplified decision rules is not necessarily simpler than that of the compensatory rule because of a high non-linearity of the model.

A semi-ordered lexicographic model assumes that decision maker has his/her own importance rank of attributes, and compares the alternatives in the most important attribute. The alternative with the best attribute value is chosen if the differences in the attribute values of other alternatives are larger than a specific threshold. If the differences of one or more alternatives are smaller than the threshold, the second most important attribute is used to process the remaining alternatives. Thus, the estimation of the model includes the identification of the order of compared attributes as well as the estimation of the thresholds.
This study examines alternative techniques to enhance the practical estimability of the semi-ordered lexicographic model. The first alternative to estimate the model is the conventional maximum likelihood estimation, where the thresholds are estimated for predetermined order of the compared attributes. The second alternative is the sequential estimation procedure by applying a data mining algorithm. C4.5 (Quinlan, 1993), one of the decision tree induction algorithms, is used in this study. C4.5 among other data mining algorithms has also been applied in the travel behavior researches (e.g., Wets, et al., 2000; Yamamoto et al., 2002a). The algorithm subdivides the sample cases recursively into segments based on attributes, until each segment finally contains only those sample cases with the same choice. The decision tree is generated by top down sequence, so the estimability is quite high. The third alternative examined is the hybrid estimation procedure of above two alternatives. After applying C4.5 algorithm, the identified order of the compared attributes is used as the predetermined for maximum likelihood estimation, where the estimated thresholds are also used as the starting values.

Yamamoto et al. (2002b) compared the maximum likelihood estimation of the semi-ordered lexicographic model and C4.5 by using an empirical data of choice on park and ride. The results suggest that the results by the two methods represent different choice structures, and the former outperforms the latter in the predictability. However, the difference was small, and the true structure remained unknown as usual empirical data. In this study, the comparison is carried out with synthetic data, which enables to rigorously examine the reproducibility of the choice structure by the estimation methods. Conventional MNL models are also estimated with the same data, so the superiority of the semi-ordered lexicographic model to the conventional MNL model is examined, too.
METHODOLOGY

Semi-Ordered Lexicographic Model
The semi-ordered lexicographic model assumes that decision maker has his/her own importance rank of attributes, and compares the alternatives in the most important attribute. The alternative with a better attribute value is chosen in binary choice if the difference in the attribute values of the alternatives is larger than a specific threshold, which is assumed to follow a normal distribution in the study. If the difference is smaller than the threshold, the second most important attribute is used to compare. The comparison continues until only one alternative remains. If more than one alternative remain after all the attributes are used, other rules should be employed to choose among the remaining alternatives. A pure random choice is assumed in this study.
The probability of alternative i is being rejected with respect to attribute j by individual n, qin(j), is given as
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where Xinj is value of attribute j of alternative i for individual n, X*nj is the best value of attribute j for individual n among the alternatives, and nj is the threshold for attribute j for individual n. Assuming that nj follows normal distribution with mean vj and standard deviation nj, qin(j) is rewritten as
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where  is a standard cumulative normal distribution function. A case of three alternatives and three alternatives is used for illustration of the model, here. Given that the importance ranking of the attributes is attributes 1, 2, and 3, then the probability that an individual choose alternative 1, Pn(1), is given as
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. The first row of the equation represents the case where only one alternative is selected by the comparison of the first attribute, the second to the fourth rows represent the case where more than one alternatives are selected by the first attribute and only one alternative is selected by the second attribute, the fifth to the eighth rows represent the case where the only one alternative is selected by the third attribute, and the rest of the rows represent the case where more than one alternatives remain after the three attributes are compared. The probabilities of choosing alternatives 2 and 3 can be given in the same manner. Here, it is obvious that each process in the semi-lexicographic rule is simple, but that the probability of choosing one alternative is represented by a highly nonlinear function. The maximum likelihood estimator is used to obtain the parameters, thus the statistical inferences are obtained in the same way as the traditional utility-based binary choice models. The approach, however, has a difficulty in such a case that the preliminary knowledge on the choice behavior is limited or the number of the attributes is large, because the likelihood function includes a high non-linearity of the parameters and requires a computational burden. Especially, the importance ranking of the attributes should be predetermined before the estimation, so all the possible rankings should be tested in order to find the actual ranking. This could be extremely time-consuming with large numbers of attributes. The possible orders of the importance ranking become the factorial of the number of attributes, and only five attributes result in 120 orders of the importance ranking. Alternative techniques applying data mining algorithm described below are motivated by this problem, and the difficulty of finding the actual ranking is evaded in the techniques.
Another possible problem is the assumption on the homogeneity in the order of the importance ranking among decision makers. It is more natural to assume that individuals have varying orders depending on their socio-economic attributes and trip purposes. Kurauchi and Morikawa (2001) developed a latent class model of the semi-ordered lexicographic rule, and confirmed the existence of the heterogeneity in the order of the importance ranking with an empirical data. However, the heterogeneity makes the model complex, and the investigation of the empirical estimability in this study becomes difficult. Thus, the homogeneity is assumed in this study, and the relaxing the assumption remains as a future task.
Data Mining Algorithm

The C4.5 algorithm is one of the supervised learning algorithms. It generates a decision tree and production rules in order. A decision tree represents choice behavior as sequential examinations of attributes, as in the theory of elimination by aspects. On the other hand, production rules represent choice behavior by a set of IF-THEN rules that determine the choice according to the conditions as indicated by sub-sets of the attributes, as in a production system (Newell and Simon, 1972). Both the decision tree and production rules represent non-compensate choice processes like the semi-ordered lexicographic model, elimination by aspect and the production system. The difference between C4.5 and these theories are, however, that the former generates the choice structure to best represent observed choices inductively without any presumptions, while the latter predetermine the choice structure before the estimation. We apply the C4.5 to estimate a decision tree in this study. Applying C4.5, the computational task of finding the actual order of the importance ranking remains empirically affordable.
In the C4.5 algorithm, the sample cases are subdivided recursively into segments based on explanatory variables, until each segment finally contains only those sample cases that made the same choice. Next, the resulting decision tree is simplified by pruning some divisions to merge the segments to generate the final decision tree. The generation of the decision tree has multiple steps as shown above. On each step, the information theory rather than more general statistical theory is applied: the recursive subdivision is based on the concept of entropy. For details, see Quinlan (1993). In principle, on each step the combination of the one most effective attribute and the threshold is selected in order to divide the sample cases into segments with the same choice given the subdivisions made so far. Thus, the algorithm is regarded as one of the sequential estimations of the semi-lexicographic models. In this case, however, the standard deviations of the thresholds are not estimated. It makes difficult to assess the reliability of the estimated thresholds. Also, different from conventional maximum likelihood estimation, the log-likelihood at convergence is not obtained in the data mining algorithm. It makes difficult to compare the goodness-of-fit of the model between the conventional maximum likelihood estimation and the data mining algorithm. The dummy variables representing each leaf of the estimated decision tree are defined, and the multinomial logit model with the dummy variables is estimated to obtain the log-likelihood at convergence, which is used as the goodness-of-fit of the data mining algorithm to compare with the conventional maximum likelihood estimation of the semi-ordered lexicographic model.
Hybrid Estimation Procedure
The third alternative examined is the hybrid estimation procedure combining the C4.5 algorithm into the maximum likelihood estimation. As mentioned above, the maximum likelihood estimation has a difficulty in finding the actual order of the importance ranking with large numbers of attributes. On the other hand, the data mining algorithm used in this study empirically enable to find the actual order in affordable computing time. The hybrid estimation procedure takes advantage of this computational ability in the data mining algorithm. The hybrid estimation starts with C4.5. By applying C4.5, the order of the importance ranking is identified. After applying C4.5 algorithm, the identified order of the compared attributes is used as the predetermined for maximum likelihood estimation, where the thresholds estimated by C4.5 are also used as the starting values. Now, the maximum likelihood estimation is executed just once, so the computational burden is greatly reduced. The means and standard deviations of each threshold are estimated by the maximum likelihood estimation, and used as the final estimates of the procedure. The log-likelihood at convergence is also obtained to represent the goodness-of-fit of the resulting model.
SIMULATED CHOICE DATA
The above three techniques were examined using the synthetic data with three alternatives and three attributes, where 1000 hypothetical individuals are postulated to make decisions via the semi-ordered lexicographic rule. In this study, person trip survey data obtained at Nagoya metropolitan area, Japan in 1991 are used to generate the synthetic data. Travel mode choice among car, train and bus is used as the simulated choice, and sample distribution of travel time, travel cost and access time of the trips in the data set are shown in Table 1. Hypothetical travel time, travel cost and access time are assumed to follow log-normal distributions with mean and standard deviation shown in the table for all three modes, except that access time for car is fixed as 0. Here, travel time and travel cost usually have considerable correlation in reality, and the correlation may affect the estimability of the model. Therefore, the effects of the correlation between travel time and travel cost is examined in this study. Correlation coefficient of +0.7, 0.0 and -0.7 are used to generate the hypothetical alternatives in this study.
Table 1. Sample distribution of explanatory variables
	
	Mean
	s.d.
	Max
	Min

	Travel time (m)
	20.41 
	8.26 
	69.00 
	9.00 

	Travel cost (JPY)
	117.11 
	163.91 
	1938.00 
	13.00 

	Access time (m)
	12.89 
	8.78 
	24.00 
	1.00 


For the thresholds to determine whether the difference in the attribute values of the alternatives is large enough, the effect of the size of the heterogeneity is examined in this study, expecting that the identification of the model becomes more difficult when the heterogeneity is larger. The assumed means and thresholds are given in Table 2. Three sizes of the heterogeneity are examined in this study, setting the standard deviations at one tenth, half, and twice of the mean value.
Table 2. Synthetic thresholds
	
	Travel time (m)
	Travel cost (JPY)
	Access time (m)

	Heterogeneity
	Mean
	s.d.
	Mean
	s.d.
	Mean
	s.d.

	Small
	5
	0.5
	20
	2
	1
	0.1

	Medium
	5
	2.5
	20
	10
	1
	0.5

	Large
	5
	10.0
	20
	40
	1
	2.0


Assuming the true importance ranking of the attributes is travel time, travel cost and access time, each data set contains 1,000 cases, i.e., choices are simulated 1,000 times with different values of explanatory variables and thresholds to generate each data set. Altogether 10 data sets are generated for each combination of correlation coefficient of the two attributes and heterogeneity in threshold. The resulting chosen mode share becomes about 40 %, 30 % and 30 % for car, train and bus, respectively, regardless of the combination of the correlation and the heterogeneity. The distribution of the number of compared attributes by correlation coefficient is shown in Table 3. The table also suggests that most of the choices are determined before the third attributes are compared, implying that the parameter estimates on the threshold of the third attribute becomes more difficult than other thresholds. The table also suggests that the probability that the choice is determined by the second compared attributes decreases if there are considerable correlations between the first two attributes regardless of the sign of the correlation.
Table 3. Distribution of the number of compared attributes by correlation coefficient
	
	Correlation coefficient

	
	+0.7
	0.0
	-0.7

	1 (Travel time)
	45 %
	45 %
	45 %

	2 (Travel time and travel cost)
	35 %
	45 %
	35 %

	3 (Travel time, travel cost and access time)
	20 %
	10 %
	20 %

	Total
	100 %
	100 %
	100 %


ESTIMATION RESULTS
At first, in order to assure the tractability of the semi-ordered lexicographic model, simpler settings than described in the previous section are used for the estimation. In this case, bus is discarded from the choice set, and only two alternatives, car and train are used. Also, access time is discarded, and only two attributes, travel time and travel cost are used. The synthetic choice data is regenerated, and the semi-ordered lexicographic models are estimated by the maximum likelihood estimation. The importance ranking of the attributes should be predetermined before the estimation, so the correct order with travel time then travel cost and the wrong order with travel cost then travel time are both estimated. The number of converged estimation of the semi-ordered lexicographic model with ten data sets and the average goodness-of-fit statistic for the converged cases are given in Table 4. Adjusted 2 is used as index to the goodness-of-fit statistic in the table. The table shows that the number of convergence with the correct order is larger than that with the wrong order, and that the goodness-of-fit statistic is better with the correct order than with the wrong order. The results suggest that the order of the importance ranking of the attributes can be identified from the estimation results.
Table 4. Number of converged estimation of the semi-ordered lexicographic model with 10 data sets and average goodness-of-fit statistic for converged cases for cases with two alternatives and two attributes (adjusted 2 is shown in parenthesis)

	Correlation
	+0.7
	0.0
	-0.7

	Heterogeneity
	Small
	Medium
	Large
	Small
	Medium
	Large
	Small
	Medium
	Large

	Correct order

1. t, 2. c *
	8

(0.87)
	10

(0.82)
	9

(0.77)
	10

(0.85)
	9

(0.78)
	10

(0.68)
	10

(0.72)
	7

(0.61)
	7

(0.43)

	Wrong order:

1. c, 2. t *
	8

(0.70)
	9

(0.69)
	6

(0.66)
	1

(0.46)
	2

(0.44)
	2

(0.40)
	1

(0.10)
	3

(0.07)
	5

(0.05)


* Order of the predetermined importance ranking is shown by the abbreviations of the attributes: for example, [1. t, 2. c] represents the order of the predetermined importance ranking is travel time and travel cost.

Now for the simulated data sets with three alternatives and three attributes described in the previous section, the semi-ordered lexicographic models are estimated by the maximum likelihood estimation. As mentioned already, the importance ranking of the attributes should be predetermined before the estimation. For the synthetic data used in this study, three attributes are included, resulting six patterns of orders are possible. The maximum likelihood estimations are executed for the six patterns of orders, while only one pattern represents the correct order; travel time, travel cost and access time. After the maximum likelihood estimations, the correct order should be identified among the six patterns. Here, the convergence of the estimation procedure and the estimated goodness-of-fit statistic can be used for the identification only to some extent. The number of converged estimation of the semi-ordered lexicographic model with ten data sets and the average goodness-of-fit statistic for the converged cases are given in Table 5. Adjusted 2 is used as index to the goodness-of-fit statistic in the table. The table shows, regardless of the correlation of the attributes and the heterogeneity in the threshold, that the number of converged estimation for the correct order is larger than that for the wrong orders, and that the goodness-of-fit statistic for the correct order is better than that for the wrong orders even when the estimation procedure converged. However, even when the correct order of the importance ranking is predetermined, the convergence is not assured in the maximum likelihood estimation because of the high non-linearity of the likelihood function as mentioned already. Compared with the cases with two alternatives and two attributes in Table 2, the decrease in the number of converged estimation is significant. The three alternatives with three attributes are regarded as a simple task when estimating conventional discrete choice models such as logit models, but it is already regarded as a heavy task for the estimation of the semi-ordered lexicographic model.
Table 5. Number of converged estimation of the semi-ordered lexicographic model with 10 data sets and average goodness-of-fit statistic for converged cases by predetermined importance ranking and combination of correlation of the attributes and heterogeneity in threshold (adjusted 2 is shown in parenthesis)
	Correlation
	+0.7
	0.0
	-0.7

	Heterogeneity
	Small
	Medium
	Large
	Small
	Medium
	Large
	Small
	Medium
	Large

	Correct order
1. t, 2. c, 3. a*
	2
(0.81)
	4
(0.77)
	0
(-)
	0
(-)
	2
(0.76)
	2
(0.66)
	3
(0.73)
	1
(0.60)
	0
(-)

	Wrong order:

1. t, 2. a, 3.c*
	0
(-)
	1
(0.58)
	1
(0.57)
	0
(-)
	2
(0.47)
	0
(-)
	0
(-)
	0
(-)
	0
(-)

	Wrong order:

1. c, 2. a, 3. t*
	2
(0.59)
	2
(0.59)
	1
(0.57)
	0
(-)
	0
(-)
	0
(-)
	0
(-)
	0
(-)
	0
(-)

	Wrong order:

1. c, 2. t, 3. a*
	2
(0.66)
	0
(-)
	0
(-)
	0
(-)
	0
(-)
	0
(-)
	0
(-)
	1
(0.11)
	0
(-)

	Wrong order:

1. a, 2. t, 3. c*
	0
(-)
	0
(-)
	0
(-)
	1
(0.31)
	0
(-)
	0
(-)
	0
(-)
	0
(-)
	1
(0.11)

	Wrong order:

1. a, 2. c, 3. t*
	0
(-)
	0
(-)
	0
(-)
	0
(-)
	0
(-)
	0
(-)
	0
(-)
	0
(-)
	0
(-)


* Order of the predetermined importance ranking is shown by the abbreviations of the attributes: for example, [1. t, 2. c, 3. a] represents the order of the predetermined importance ranking is travel time, travel cost, and access time.
Table 6 shows the parameter estimates of the semi-ordered lexicographic model with the correct order using the data sets with correlation coefficient of -0.7 and medium heterogeneity. For the trials which came to the convergence, average and standard deviation of the parameter estimates are shown in the table, while only average is shown for the trials which did not converge. At first, looking at the trials with the convergence, the table shows that the parameters on travel time and travel cost are estimated well compared to those on access time, which suggests that the parameters on the higher order of the importance ranking cannot be estimated well. It is because only small cases in the sample actually compared the attributes in the higher order of the importance ranking as shown in Table 3. Also shown in the table is that mean of the threshold is estimated more accurately than the standard deviation of the threshold for travel time and travel cost. The results suggest that it is difficult to estimate the size of the heterogeneity among the thresholds. For the trials with no convergence, parameters at the last iteration are shown in the table. The table shows that the parameters obtained by the estimation for the trials with no convergence are close to the trials with convergence except the mean of the threshold on access time. The results suggest that the estimation procedure could not find the optimum value on the mean of the threshold on access time when the convergence was not attained. Again, it is because only small cases in the sample compared the attributes in the higher order of the importance ranking.
Table 6. Parameter estimates of the semi-ordered lexicographic model predetermining the correct order of the importance ranking by converged and not converged trials (Cases with correlation coefficient of -0.7 and medium heterogeneity)
	
	True value
	Converged*
	Not converged

	Mean of the threshold on travel time
	5.00 
	4.89

(0.09)

[-1.21]
	4.95



	Logarithm of the standard deviation of the threshold on travel time
	0.92 
	0.44

(0.06)

[-8.26]
	0.53



	Mean of the threshold on travel cost
	20.00 
	16.67

(1.26)

[-2.64]
	18.77



	Logarithm of the standard deviation of the threshold on travel cost
	2.30 
	1.68

(0.24)

[-2.61]
	1.63



	Mean of the threshold on access time
	1.00 
	4.46

(445.90)

[0.01]
	9.29



	Logarithm of the standard deviation of the threshold on access time
	-0.69
	17.94

(896.90)

[0.02]
	17.02



	Log-likelihood at convergence
	
	-428.60
	-463.36

	Adjusted 2
	
	0.60
	0.57

	AIC
	
	869.21
	938.72


* Standard deviation of the parameter estimates is shown in ( ), and t-statistic between the parameter estimate and the true value is shown in [ ].
The estimation results of C4.5 algorithm with 10 data sets are shown in Table 7. Hit ratio is used as the index of the goodness-of-fit statistic in the table. Information on the number of the convergence is omitted from the table because C4.5 algorithm has no problem on the convergence and 10 out of 10 trials converged. It represents a higher tractability of the data mining algorithms compared to the maximum likelihood estimation of the semi-ordered lexicographic model. The table shows that the parameter estimates on the thresholds on travel time and travel cost are well close to the true values regardless of the correlation of the attributes and the heterogeneity in the thresholds, although the estimates on the thresholds on access time are not well estimated, thus are not shown in the table. Also, the table shows that the hit ratios are satisfactory in all the cases. The results represent a high ability of the data mining algorithm in estimating the means of the threshold, though C4.5 does not produce the standard deviation of the thresholds. One of the problems is the identification of the order of the importance ranking with the positive correlation between attributes. The order of the importance ranking is correctly identified through the sequential estimation procedure for the cases with correlation coefficient of 0.0 and -0.7, but the order between travel time and travel cost is wrongly identified for the case with correlation coefficient of +0.7 in this study. This is because the strong positive correlation between the two attributes produces the similar results by switching the two attributes. The semi-ordered lexicographic model show the same tendency in Table 4, where the number of converged estimation and adjusted 2 are similar between the correct order and the wrong order.
Table 7. Estimation results of C4.5 algorithm with 10 data sets (Hit ratio is used as the index of the goodness-of-fit statistic)*
	Correlation
	+0.7
	0.0
	-0.7

	Heterogeneity
	Small
	Medium
	Large
	Small
	Medium
	Large
	Small
	Medium
	Large

	Threshold on travel time
	4.5
(0.00)
	4.1
(0.84)
	3.5
(1.58)
	5.4
(0.32)
	5.4
(0.74)
	5.2
(1.25)
	5.5
(0.00)
	6.0
(0.53)
	7.1
(0.84)

	Threshold on travel cost
	19.7
(0.97)
	18.4
(1.73)
	19.1
(1.65)
	20.8
(0.48)
	21.0
(1.72)
	19.5
(3.27)
	21.0
(2.12)
	20.9
(2.24)
	20.5
(5.07)

	Hit ratio
	0.97
	0.95
	0.93
	0.96
	0.92
	0.87
	0.92
	0.88
	0.79


* Standard deviation of the parameter estimates is shown in ( )
In order to examine the usefulness of C4.5 algorithm as producing the starting values of the maximum likelihood estimation of the semi-ordered lexicographic model, the semi-ordered lexicographic models are estimated with three types of starting values. For the first case, the starting values are set as 0 for all the parameters representing the no prior information. The second case sets starting values as estimated values by C4.5 algorithm representing the hybrid estimation with C4.5 algorithm and the maximum likelihood estimation. The third case sets starting values as the true value for the reference. The results are given in Table 8. By using estimated values of C4.5 as starting values, the number of convergence increases when the heterogeneity in the thresholds is small, while the increase is not found when the heterogeneity is medium. However, the convergence is not assured by adjusting starting values. Even if the true values are used as the starting values, the convergence is not perfect. The results suggest the difficulty in the maximum likelihood estimation of the semi-ordered lexicographic model.
Table 8. Number of converged estimation of the semi-ordered lexicographic model with 10 data sets setting the starting values at 0, obtained from C4.5 algorithm, and the true values

	Correlation
	0.0
	-0.7

	Heterogeneity
	Small
	Medium
	Small
	Medium

	Starting values are set as 0 for all the parameters
	0
	2
	3
	1

	Starting values are set at the estimates by C4.5 algorithm
	3
	0
	5
	2

	Starting values are set at the true values
	3
	7
	6
	7


In addition to the semi-ordered lexicographic model, conventional MNL models are estimated with the same data sets for the comparison purpose. Table 9 shows the results of MNL models for the case with medium heterogeneity. Coefficient estimates look very natural, and adjusted 2 is also acceptable regardless of the correlation between the attributes. The results suggest that the wrong assumption on the decision rule can not be identified from the estimation results. It also suggests that conventional MNL models can approximate the semi-ordered lexicographic model to some extent, which is consistent to the literature (Dawes and Corrigan, 1974; Dawes, 1979).
Table 9. Multinomial logit model using the data sets with medium heterogeneity (t-statistic is shown in parenthesis)
	Correlation
	+0.7
	0.0
	-0.7

	Travel time
	-27.20
(-12.89)
	-24.89
(-18.51)
	-19.50
(-17.30)

	Travel cost
	-52.48
(-12.03)
	-9.85
(-12.10)
	-5.58
(-8.19)

	Access time
	-4.28
(-2.73)
	-1.28
(-1.16)
	-0.89
(-0.99)

	Train constant
	-0.67
(-2.04)
	-0.34
(-1.45)
	-0.19
(-0.98)

	Bus constant
	-0.78
(-2.29)
	-0.39
(-1.61)
	-0.28
(-1.43)

	Log-likelihood at convergence
	-250.59
	-461.94
	-728.35

	Adjusted 2
	0.77
	0.58
	0.34

	AIC
	511.19 
	933.88 
	1466.70 


However, the accuracy of the approximation depends on the circumstances. Table 11 shows the goodness-of-fit statistics by adjusted 2 for the semi-ordered lexicographic model, C4.5 algorithm and MNL model for the case with medium heterogeneity. As mentioned above for C4.5 algorithm, adjusted 2 is not directly obtained from the estimation procedure. The dummy variables representing each leaf of the estimated decision tree are defined, and the MNL model with the dummy variables is estimated to obtain adjusted 2. The table shows that the difference in the goodness-of-fit statistics between MNL model and the semi-ordered lexicographic model is small for the case with correlation coefficient of +0.7, while it is large for the case with correlation coefficient of -0.7. The results suggest that the accuracy of the approximation by MNL model is quite low for the case with negative correlation among the attributes, which is also consistent to the literature (Johnson et al., 1989).
Table 11. Comparison of the goodness-of-fit statistics among the semi-ordered lexicographic model, C4.5 algorithm and multinomial logit model (Cases with medium heterogeneity)*
	Correlation
	+0.7
	0.0
	-0.7

	Semi-ordered lexicographic model
	0.78
	0.76
	0.59

	C4.5 algorithm
	0.81
	0.71
	0.60

	Multinomial logit model
	0.77
	0.58
	0.34


* Adjusted 2 is used as index of the goodness-of-fit. For C4.5 algorithm, the dummy variables representing each leaf of the tree are defined and multinomial logit model with the dummy variables are estimated to obtain adjusted 2.
CONCLUSIONS
In this study, empirical estimability of the semi-ordered lexicographic model is examined with the simulated data sets. Alternative techniques to enhance the practical estimability are also examined in this study by applying one of the data mining algorithms, C4.5. MNL models are also estimated for the comparison purpose.
The result shows that goodness-of-fit of MNL model is quite low if there is negative correlation among attributes, implying that compensatory model may not necessarily approximate the non-compensatory decision making rule. Regarding the semi-ordered lexicographic model, the maximum likelihood estimation does not converge if the wrong order of compared attributes is predetermined, thus it is possible to avoid the misspecification of the order. However, even if the correct order is predetermined, the convergence rate is low especially for the case with negative correlation of the attributes. On the other hand, C4.5 algorithm has no problem in convergence, but it sometimes generates wrong order of compared attributes for the case with positive correlation. The results also suggest that the standard errors of the estimates of the thresholds become larger for the attributes compared in the later order regardless of the estimation procedure.
The usefulness of the hybrid estimation methods are investigated in this study. The hybrid estimation starts with C4.5 algorithm to identify the order of the importance ranking of the attributes and obtain the means of the thresholds to determine whether the difference in the attribute values of the alternatives is large enough. Then, the maximum likelihood estimation is executed with the identified order of the importance ranking and the estimated means of the thresholds as starting values. The results suggest that the hybrid method improves the practical estimability only for the case with small heterogeneity in the thresholds.
More thorough investigations should be required before the definitive conclusions are obtained, especially the heterogeneity in the order of the importance ranking of the attributes. In this study, the homogeneity in the order of the importance ranking, but it is more natural to assume that individuals have varying orders depending on their socio-economic attributes and trip purposes. Also, the problem of the non-convergence in the maximum likelihood estimation should be resolved. One possible countermeasure is Bayesian estimations of the semi-ordered lexicographic model. Bayesian methods have no problem in convergence even when some of the parameters are poorly identified (Brownstone, 2001).
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