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Abstract: The aim of this paper is to contribute to describe the simultaneous choice of travel mode and 1 

departure time by making use of a cross-nested logit structure that allows for the joint representation of 2 

inter-alternative correlation along the both choice dimensions. Traditional multinomial logit model and 3 

nested logit model are formulated respectively. The analysis uses the Revealed Preference (RP) data 4 

collected from Maryland-Washington, DC Regional Household Travel Survey in 2007-2008 for 5 

commuting trips, considering more work-related characteristics than previous studies. A comparison of 6 

the different model results shows that the presented cross-nested logit structure offers significant 7 

improvements over multinomial logit and nested logit models. The empirical results of the analysis 8 

reveal significant influences on commuter joint choice behavior of travel mode and departure time. 9 

Moreover, a Monte Carlo simulation for two groups of scenarios arising from transportation policies, 10 

congestion-pricing and improvements to transit service during peak period, is undertaken respectively 11 

to examine the impact of a change in car travel cost and transit travel time on the travel mode and 12 

departure time switching. The simulation results show that five dollars increase in car travel cost during 13 

peak period has a similar effect on reducing drive alone in peak hours as 30% saving in transit travel 14 

time, but only half of the latter policy in the transit ridership increase. 15 

Keywords: Travel mode; Departure time; Joint choice; Nested logit; Cross-nested logit; Simulation16 
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Introduction 17 

Traffic congestion at the morning peak and evening peak are the most severe time of day. Due to the 18 

serious traffic congestion, transportation CO2 emissions are increasing. In large metropolitan areas, 19 

such as Maryland-Washington Region, the major freeways are highly occupied and congested with 20 

commuters. Although car-based commuting trips are partly reduced with the public transit service 21 

availability, it is still not enough. In this way it becomes important to model the commuter travel 22 

behavior of travel mode choice and departure time choice so that efficient solutions may be proposed to 23 

alleviate the congestion problems. 24 

Commuting travel mode choice and departure time choice both play an imperative role in travel 25 

demand analysis and transportation policy assessment. Previous studies have widely focused on the 26 

travel mode choice (Bhat 1997; Palma and Rochat, 2000) and to a lesser degree on departure time 27 

(Hendrickson and Plank 1984; Gadda et al. 2009; Chu 2009) respectively. As Bhat (1998a, 1998b) 28 

indicated there is a strong relationship between travel mode and departure time, and individuals often 29 

make two choices simultaneously. More researchers focus on the joint choice travel behavior 30 

(Tringides et al. 2004; Bajwa et al 2008). Joint analysis of travel mode and departure time is helpful to 31 

understand the interactions between the two dimensions, and necessary to assess the impact of the 32 

transport policies. 33 

However, studies accommodating correlation along the both dimensions of travel mode and 34 

departure time are limited. In this paper, we present a joint model of the both dimensions of travel 35 

mode and departure time using a new cross-nesting structure that allows for flexible representation of 36 

correlation along the both choice dimensions, avoiding constraints associated with a multi-level nesting 37 

structure. Furthermore, we use simulation to examine the impact of a change in travel cost and travel 38 

time arising from transport policies on the commuting travel mode and departure time switching. 39 

Multinomial logit (MNL) model and nested logit (NL) model based on the random utility 40 

maximization have been most widely used (de Jong et al. 2003). However, MNL model cannot account 41 

for unobserved similarities which exist among choice alternatives because of the independence of 42 

irrelevant alternatives (IIA) assumption. In the NL model a uniform amount of correlation within a nest 43 

of alternatives is allowed, but alternatives not located in the same nest are uncorrelated (Hess et al. 44 

2012). In the analysis of joint choice of travel mode and departure time, two appropriate structures for 45 

the NL model arise, one structure uses nesting by travel mode dimension, and another structure uses 46 

nesting by departure time dimension (Hess et al. 2007). However, the two structures based on NL 47 

model can only accommodate correlation along one of the two dimensions. 48 

In the past few years, many discrete choice models were developed based on the Generalized 49 

Extreme Value (GEV) theory proposed by McFadden (1978). The GEV models are able to capture the 50 

unobserved similarities among alternatives, thus relaxing the restriction of MNL model and NL model. 51 

Several specific GEV models have been formulated, such as the studies done by Wen and Koppelman 52 

(2001) and Daly and Bierlaire (2006), and have been applied in the field of spatial analysis such as the 53 

residential location choice (Bhat and Guo 2004; Sener et al. 2011) and destination choice (Bekhor and 54 

Prashker 2008). Therefore, one of the motivations in this study lies in presenting a cross-nested logit 55 

(CNL) model structure based on the GEV framework to analyze the joint choice behavior of 56 

commuting travel mode and departure time and to capture the correlation among alternatives for the 57 

both dimensions of travel mode and departure time. 58 

The remainder of this paper is organized as follows. The next section presents a brief overview of 59 
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the existing literature on the studies of travel mode and departure time and methodologies. The third 60 

section presents the model structures used in this study. Data used for analysis is described in the 61 

following section. The fifth section presents the estimation results and empirical explanations for the 62 

model. The next section presents the direct and cross elasticities of the model and simulation results 63 

with different scenarios. The final section provides a summary and conclusions of this paper. 64 

Literature review 65 

MNL models are widely used to analyze the travel mode choice and departure time choice in previous 66 

studies due to its simple mathematical structure and ease of estimation. Abkowitz (1981) and Small 67 

(1982) used a MNL model for the analysis of the commuter departure time decisions. Hendrickson and 68 

Plank (1984) examined the flexibility of departure time for the work trip based on a MNL model that 69 

combined travel mode and departure time using the data gathered in Pittsburgh. Departure time 70 

decisions were found to be much more flexible than mode choices. 71 

However, the MNL model imposes the restriction that the distribution of random error terms is 72 

independent and identical over alternatives, which leads to the independence from irrelevant 73 

alternatives (IIA) property. The most widely known relaxation of the MNL model is the NL model, 74 

which can be derived from GEV model. Chin (1990) employed a MNL model and a NL model to 75 

analyze the choice of commuter trip departure time using household data collected in Singapore in 76 

1983. The NL model was used to moderate certain violations of the independence of irrelevant 77 

alternatives property. Departure time choice was found to be influenced by journey time, occupation 78 

and income affected one’s propensity for switching departure times. 79 

Simultaneous choice caused an increasing concern in the travel behavior study. Bhat (1998b) used 80 

a MNL form for modeling travel mode choice at the higher level of the hierarchy and an ordered 81 

generalized extreme value (OGEV) form for modeling the departure time choice at the lower level. The 82 

proposed MNL-OGEV model was applied to data obtained from 1990 San Francisco Bay Area 83 

household survey and was found to perform better than the MNL and NL models. De Palma and 84 

Rochat (2000) investigated the joint nature of the decision of how many cars the household owns and 85 

the decision to use the car for the trip to work by means of a NL model. 86 

Mixed logit is a highly flexible model that can approximate any random utility model (McFadden 87 

and Train 2000). It obviates the three limitations of standard logit by allowing for random taste 88 

variation, unrestricted substitution patterns, and correlation in unobserved factors over time. Usually, 89 

the MNL and NL are used as the kernel for the mixed logit model. Therefore, a few studies have used 90 

the mixed logit based on the MNL structure and NL structure to capture the correlation between 91 

alternatives as well as variations among commuters. For example, Bhat (1998a) used a mixed MNL 92 

model to analyze the travel mode and departure time choice for home-based social-recreational trips 93 

using data drawn from the 1990 San Francisco Bay Area household survey. The empirical results 94 

underscored the need to capture unobserved attributes along the both travel mode and departure time 95 

dimensions. De Jong et al. (2003) modeled departure time choice jointly with mode choice using a 96 

mixed MNL model with Stated Preference (SP) data for car and train travelers in the Netherlands. The 97 

results indicate that time of day choice in the Netherlands is sensitive to changes in peak travel time 98 

and cost. Börjesson (2008) applied a mixed logit model to test for correlation of scheduling sensitivity 99 

across RP and SP choices within individuals. 100 

In recent years the CNL model has received more attention in the literature. It allows alternatives 101 

to belong to more than one nest instead of each alternative being restricted to a single nest in NL model 102 
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(Papola 2004; Bierlaire 2006). Therefore, CNL models have a more flexible correlation structure to 103 

account for various patterns of similarity and dissimilarity among alternatives. 104 

Bajwa et al. (2008) applied the CNL model and mixed NL model to estimate the combined choice 105 

of travel mode (car and rail) and departure time (arriving early, late, or on time with congestion) for the 106 

morning commuters, using a SP data collected in Tokyo. The CNL structure used in their analysis can 107 

not analyze correlations along the both dimensions of travel mode and departure time. Hess and Polak 108 

(2006) used a new CNL model structure that allowed for the joint representation of inter-alternative 109 

correlation along the three choice dimensions of airport, airline, and access-mode. In their model, the 110 

three choice dimensions were set in the same level, thus each alternative belongs to exactly one airport 111 

nest, one airline nest, and one access-mode nest. The model is able to jointly represent the correlation 112 

along the three dimensions. The analysis used the data collected from the Greater London area and the 113 

comparison of the different models showed that the new CNL model structure offered significant 114 

improvements over NL models. Hess et al. (2012) used similar CNL model structure to analyze the 115 

joint vehicle type choice and fuel type choice. Two separate vehicle type nests and three separate fuel 116 

type nest were put in the same level, with each alternative falling into one vehicle type nest and one 117 

fuel type nest. Therefore, correlations among those alternatives sharing the same vehicle type and 118 

between the vehicles sharing the same fuel type can be obtained. A SP data was used for their empirical 119 

analysis, and the results verified that further gains can be made by using their proposed CNL model 120 

structure. The CNL model structure proposed by Hess et al. is allowed to capture the correlations along 121 

all the dimensions in the choice process, whereas this structure used in the field of joint choice of travel 122 

mode and departure time is limited. Vega and Reynold-Feighan (2009) used a CNL model to analyze 123 

the simultaneous choice of residential location and travel-to-work mode under central and non-central 124 

or suburban employment patterns for the Greater Dublin Area. The results showed that the CNL 125 

provided a more flexible correlation structure of the error terms than other closed-form discrete choice 126 

models such as the MNL and NL models. 127 

Review of the past literature reveals that different model structures have been applied for the 128 

travel mode choice and departure time choice. However, the studies on the simultaneous choice of 129 

travel mode and departure time accommodating correlation along the both dimensions are limited. If 130 

there are K dimensions in the choice process, NL model structure that used in most previous studies can 131 

only be used to analyze correlations along at most K-1 of K dimensions by using a multi-level structure. 132 

The solution put forward by Hess and Polak et al. (2006) and Hess et al. (2012) is to use a new CNL 133 

model structure through setting all K dimensions in the same level. 134 

Therefore, the aim of this paper is to contribute to describe the simultaneous choice of travel mode 135 

and departure time by making use of the CNL structure that allows for the joint representation of 136 

inter-alternative correlation along the both choice dimensions. Traditional MNL and NL models are 137 

also formulated respectively, and a comprehensive study comparing the different model structures is 138 

carried out. Another contribution of this study is that it considers policy-oriented factors more explicitly, 139 

such as whether employer provides free parking, subsidies for transit/vanpooling, and bike/pedestrian 140 

facilities or services for workers, and home and work location attributes which can potentially affect 141 

commuting travel mode and departure time. Moreover, based on the estimated model, a Monte Carlo 142 

simulation for two groups of scenarios arising from transport policies, congestion-pricing and 143 

improvements to transit service during peak period, is undertaken respectively to examine the impact of 144 

a change in car travel cost and transit travel time on the travel mode and departure time switching. 145 
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Model specification 146 

This study focuses on the joint choice behavior of travel mode and departure time for home-based work 147 

trips made by commuters. The travel mode choice sub-set consists of 4 modes: drive alone, shared ride, 148 

transit, walk and bicycle. The departure time sub-set has 2 alternatives: peak period and off-peak period. 149 

Therefore, the model choice set is defined as the joint choice set of travel mode, and departure time, 150 

which creates a set of N=8 alternatives for each decision maker, as shown in Table1. 151 

INSERT TABLE 1 AROUND HERE 152 

Model structure 153 

The most widely used nesting approach is the NL model, which allows the correlation among 154 

alternatives sharing a nest, while alternatives in different nests remain independent. As an example, the 155 

appropriate structure for the two-level NL model using nesting by travel mode is shown in Figure 1, 156 

with travel mode at the upper level and departure time at the lower level, where each nest has its own 157 

nesting parameter μ (0<μ≤1). The nesting parameter can be used to capture the correlation among 158 

alternatives sharing the nest of travel model. It is also called dissimilarity parameter. The correlation 159 

among alternatives sharing the same nest increases as the dissimilarity parameter decreases. Figure 2 160 

shows another nesting structure indicating that alternatives are grouped together based on the departure 161 

time. The nesting parameter in Figure 2 can be used to capture the correlation along the departure time 162 

dimension. 163 

INSERT FIGURE 1 AROUND HERE 164 

INSERT FIGURE 2 AROUND HERE 165 

The both NL structures cannot be used to capture the correlations along the two dimensions of 166 

choice simultaneously. For example, the model structure shown in Figure 2 cannot be used to capture 167 

the correlation between the alternative using transit mode departing during peak period and the 168 

alternative using transit departing during off-peaking period. In general, this problem also applies in 169 

other multi-level nesting approaches. If there is a K-dimensional choice process, it can only 170 

accommodate correlation along at most K-1 of K dimensions by using a multi-level nesting structure. 171 

The deficiencies of the NL structure model are one motivation for the efforts made in our study to 172 

propose an improved structure for the joint choice model used by Hess and Polak (2006) and Hess et al. 173 

(2012). As shown in Figure 3, the improved structure for the joint choice model is specified by 174 

allowing each alternative to belong to two nests, one by travel mode and another by departure time. 175 

INSERT FIGURE 3 AROUND HERE 176 

Cross-nested logit model 177 

There are two main advantages for application of the CNL model in this paper: on the one hand, the 178 

CNL model structure provides a more flexible correlation structure of the error term than MNL and NL 179 

model structures that allows the potential correlation among alternatives to be captured. On the other 180 

hand, the CNL model structure has closed-form expression derived for the calculation of the choice 181 

probability. The new model structure presented in this paper that allows for a more flexible correlation 182 

of the error terms can describe the correlation among the two choice dimensions of travel mode and 183 

departure time. 184 
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According to the GEV theorem (McFadden 1978; Wen and Koppelman 2001; Bekhor and 185 

Prashker 2008), the CNL model choice probability that derived from the generator function presented 186 

in Equation (1) is defined in terms of conditional and marginal probabilities as shown in Equation (2). 187 
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where mk is an allocation parameter that characterizes the portion of alternative k assigned to nest m, 0193 

≤mk≤1. As such, the improved structure of the model is able to accommodate correlation along all the 194 

dimensions using the simultaneous pattern. In this paper, the allocation parameters  (0≤mk≤1), 195 

governing the proportion by which an alternative belongs to each nest can also be obtained based on 196 

the GEV structure. A value zero indicates that the alternative does not belong to the nest at all. It is 197 

usually specified that the allocation parameters for a given alternative must sum to unity over all nests. 198 

In this study, the non-zero allocation parameters for a given alternative were fixed to a value of 0.5, 199 

indicating that an alternative belongs by the same proportion to one travel mode nest and one departure 200 

time nest. 201 

The marginal probability of a nest m being chosen follows: 202 
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Thus, the probability of a CNL alternative k being chosen follows: 204 
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   (5) 205 

In the last probability function, there are two key factors that the probability of choosing the 206 

alternative k depends on: the nesting coefficients μm, and the deterministic component of the utility 207 

function Vk. The parameters are estimated based on the maximum likelihood method. 208 

Data and sample formation 209 

The data used in this study is drawn from the Maryland and Washington, DC regional Household 210 

Travel Survey (HTS), which was conducted by Baltimore Metropolitan Council (BMC) and 211 

Transportation Planning Board (TPB) at the Metropolitan Washington Council of Governments 212 

(MWCOG) during 2007-2008. Data for the survey was collected from randomly selected households, 213 

and each household completed a travel diary that documented the activities of all household members 214 

on an assigned day. As with most household travel survey, detailed socio-demographic and trip 215 

information for each person were collected. Figure 4 shows a map of the survey area. 216 

In addition to the HTS, origin-destination travel time and cost matrices by different modes were 217 
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obtained from Maryland Statewide Transportation Model (MSTM). Travel time by auto includes 218 

in-vehicle time and terminal time. Travel time by transit includes walk and bicycle-access times, initial 219 

wait time, in-vehicle time, and transfer time. Travel cost by auto mainly includes operation cost and 220 

parking cost. Operating cost is computed as the monetary costs associated with fuel consumption, 221 

maintenance, insurance, registration and tire. Auto parking cost is computed by a parking cost model 222 

for the attraction zone. For the shared ride mode, the auto operating and parking cost are divided by the 223 

total passengers. The transit fare is computed from the transit network as the sum of the boarding fare 224 

and any transfer fares. For the walk and bicycle mode, it is assumed that a travel speed of 3 mile per 225 

hour for walking and 9 miles per hour for bicycling (Zhang 2004), and $0.05 per mile for the both 226 

modes. 227 

INSERT FIGURE 4 AROUND HERE 228 

Many factors have been identified that influence the decisions of travel mode, and departure time 229 

(Cervero 2002; Vega and Feighan 2009; Ewing and Cervero 2010). There are four groups of variables 230 

used in this analysis: household characteristics, individual characteristics, work-related characteristics, 231 

and travel-related characteristics. The variables of household characteristics include household size, 232 

income, location, and the number of cars and bicycles available in the household. The variables of 233 

individual characteristics include gender, age, race, occupation, and the number of current jobs. 234 

Whether the work schedule is flexible, whether the employers provide free parking, or subsidies for 235 

transit/vanpooling, or bicycle/pedestrian facility, and the work location are found to be potentially 236 

important variables influencing the choice of commuting travel mode and departure time (Abkowitz 237 

1981; Chu 2009), thus these variables are used in analysis as work-related explanatory variables. 238 

Travel-related characteristics include travel time and travel cost computed from residential location and 239 

workplace for different travel modes. The variables used in analysis are shown in Table 2. 240 

INSERT TABLE 2 AROUND HERE 241 

The time-of-day distribution of commuting trips is shown in Figure 5. The distribution shows that 242 

most workers tend to make commuting trips during two peak periods: 6:00am-8:00am and 243 

3:00pm-6:00pm. The peak time-periods are certain consistent with the classification presented by Bhat 244 

(1998b). 245 

INSERT FIGURE 5 AROUND HERE 246 

A descriptive analysis as shown in Table 3 is conducted to get intuitive findings regarding the 247 

association between household, individual, travel-related characteristics and the preferences of 248 

commuting travel mode and departure time. As shown in Table 3, young individuals are found to be 249 

more likely to use shared-ride mode to work and depart during off-peak period to avoid traffic 250 

congestion than older individuals. This may be seen as a character-related effect for young individuals 251 

intuitively. People who work in a government agency are found to be more likely to use transit as 252 

commuting travel mode and depart during peak period. As expected, people with smaller household 253 

size, low household income, low car ownership, are found to be more likely to use transit or walk and 254 

bicycle for commuting trips. People whose employer provides charged parking, subsidies for 255 

transit/vanpooling and bike/pedestrian facilities or services, and people who works in the CBD, are 256 

found to be more likely to use transit for commuting trips. People who enjoy flexible work hours, low 257 

income people, low car ownership, without subsidies for transit or vanpooling, are found to be more 258 

likely to depart during off-peak period to avoid traffic congestion. 259 

INSERT TABLE 3 AROUND HERE 260 
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Empirical results 261 

The findings of the proposed model are discussed in this section. The trust-region algorithm is used for 262 

the MNL model, and the two kinds of NL model. Due to the non-trivial constraints on the allocation 263 

parameters, CFSQP algorithm is used for the CNL model (Lawrence et al. 1997). All the models 264 

presented were estimated using Biogeme (Bierlaire 2002, 2003, 2006), including the MNL model, two 265 

kinds of NL model, and the CNL model. The probability of choosing each alternative can be estimated 266 

using the proposed model based on the given independent variables about each individual. 267 

The detailed estimation results based on the CNL model are presented in Table 4. The results for 268 

the variables of household characteristics, individual characteristics, and work-related characteristics 269 

for Washington and Baltimore region suggest that these characteristics have an important influence on 270 

the individuals’ commuting travel mode and departure time choice decisions. In terms of the household 271 

characteristics, it can be seen from Table 4 that single persons are significantly more likely to drive 272 

alone to work, compared with the base alternative (drive alone in peak hours). People in larger 273 

household are significantly more likely to choose shared ride and depart in the off-peak period. It may 274 

reflect the fact that commuters choosing the share ride usually depart much earlier so that each 275 

passenger can arrive at the work place on time. Low income groups are found to contribute positively 276 

to choose the shared ride in the off-peak period, compared with the drive alone in peak hours. High 277 

income groups are significantly less likely to depart in the off-peak period to work, however, they may 278 

prefer the walk and bicycle to drive alone in peak hours, considering the commute distance. As 279 

expected, persons in low car ownership households are found to show a positive propensity to use the 280 

share ride, transit, and walk or bicycle to work. People with bicycle available are significantly more 281 

likely to choose the walk or bicycle and depart in peak period, compared with the base alternative. 282 

People whose household locates in a suburban area are significantly more likely to depart in the 283 

off-peak period to work. This seems logical because suburban residents usually travel longer distances 284 

to work and, hence, need to depart earlier. 285 

In terms of the individual characteristics, males are significantly more likely to drive alone in 286 

off-peak period, and to use the transit, and walk or bicycle to work than woman. However, males are 287 

significantly less likely to choose the shared ride to work. Young adults are significantly less likely to 288 

drive alone to work, which may be because of the fact that they have limited car availability thus 289 

contributing to greater propensity to use the share ride, transit, and walk or bicycle. The variable of race 290 

is found to have negative coefficients, indicating that both African American and Caucasian people are 291 

more likely to drive alone to work, except that Caucasian people are significantly at above the 10 per 292 

cent level more likely to choose the walk and bicycle to work in peak period. Compared with the base 293 

alternative, people who work in a government agency are significantly less likely to depart in off-peak 294 

period. However, they are significantly more likely to choose the walk and bicycle to work in peak 295 

period. As expected, people who have more than one job are significantly more likely to depart in 296 

off-peak period using the travel modes of drive alone, transit, and walk or bicycle. 297 

INSERT TABLE 4 AROUND HERE 298 

In terms of the work-related characteristics, it is found that people who enjoy flexible work hours 299 

are significantly more likely to depart in the off-peak period using the travel modes of drive alone, 300 

transit, and walk or bicycle. People whose employers provide free parking are found to show a 301 

significantly positive propensity to drive alone in the peak period to work. As expected, people whose 302 

employers provide subsidies for transit and vanpooling, and bike and pedestrian facilities or services 303 
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are significantly more likely to choose transit, and walk or bicycle to work in the peak period, 304 

compared with the base alternative. It is found that people who work in the CBD are significantly less 305 

likely to drive alone in peak period to work, presumably to avoid severe congestion prevailing in the 306 

downtown areas. It is also found that people working in the CBD are significantly more likely to use 307 

transit, walk and bicycle to work. This finding may be due to the fact that there are better transit 308 

services and better bike/pedestrian facilities or services in the downtown area relative to other areas. 309 

The travel-related parameters, dissimilarity parameters, and data fit measures from the four 310 

models are presented in Table 5. In terms of the adjusted 2
, it can be seen that the CNL model 311 

outperforms the MNL model and the two NL models. As expected, the signs of the travel-related 312 

parameters are negative. The value of travel time savings is about 0.33$/min (about 20 $/hour), which 313 

is quite similar to that have been reported in the studies done by Hess et al. (2008) and Bajwa et al. 314 

(2008). It can be seen that the CNL model offers the greatest improvement in dissimilarity parameters 315 

for travel mode and departure time are when compared to the MNL, and two types of NL model. 316 

INSERT TABLE 5 AROUND HERE 317 

In terms of the correlation between alternatives, as seen from Table 5, the number of the 318 

dissimilarity parameters from the proposed CNL model is more than from MNL model and NL model, 319 

thus the CNL model is superior in capturing the correlation among alternatives. The dissimilarity 320 

parameter along the off-peak dimension is minimal, indicating that the alternatives in off-peak nest 321 

have high correlations. In other words, the dissimilarity parameters can capture the pattern of 322 

substitutability across alternatives (Wen and Koppelman 2001; Pels et al. 2009). Due to the high 323 

substitutability for the alternatives in off-peak nest, the decision makers are more likely to shift their 324 

commuting travel mode than departure time when the situations change (such as due to transportation 325 

control measures). The dissimilarity parameter along the shared ride dimension is as its maximum, 326 

indicating there is low substitutability between peak and off-peak in the share ride nest. When the 327 

situations change, the individuals will change their travel model first for commuters by shared ride. 328 

Elasticities and Simulation tests 329 

Direct and cross elasticities with respect to travel cost and travel time are represented in Table 6. Direct 330 

elasticities represent the variation in a decision maker’s choice probability due to a change in one of the 331 

attributes affecting that alternative. Cross elasticities are the variation in a decision maker’s choice 332 

probability due to a change in one of the attributes affecting another alternative. Wen and Koppelman 333 

(2001) represented the direct and cross elasticities for the CNL model as shown in Equation (6) and (7). 334 

The cross elasticities are -PkXk if the alternative k and k’ do not share any common nest. 335 

| |

1
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           (7) 337 

Direct elasticities in Table 6 shows that the influence of the travel cost and travel time on the car 338 

and transit choice probabilities are different. The direct elasticities for transit are larger than that for car, 339 
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indicating that commuters by transit are more sensitive to travel-related attributes change than 340 

commuters by car. We also find that the commuters are more sensitive to changes in travel time than 341 

that of travel cost for the commuters by shared ride, transit, and walk and bicycle. From the cross 342 

elasticities, it is found that changes in travel cost and travel time for commuters by drive alone during 343 

the peak period have the largest effects on probability choice of using transit during peak period. 344 

INSERT TABLE 6 AROUND HERE 345 

The direct and cross elasticities are calculated for a randomly selected individual as shown in 346 

Table 6, making it difficult to obtain the aggregate results for travel cost and travel time changes. 347 

However, aggregate results are extremely useful for the transportation demand management (TDM), 348 

transportation control measures (TCM), and intelligent transportation system. Therefore, another 349 

critical motivation in this study lies in obtaining the aggregate results when travel-related attributes 350 

change arising from transport policies, using the empirical results to examine the impact of changes in 351 

travel cost and travel time on commuting travel mode and departure time switching. The measure on 352 

travel-related attributes which yields changes in commuters’ travel decisions can be identified based on 353 

the aggregate results. 354 

Most transportation congestion management actions attempt to encourage a change in mode 355 

choice away form drive alone or to reduce trip-making during the peak period by directly or indirectly 356 

impacting the level-of-service variables (Bhat 1997; Saleh and Farrell 2005; Bhat and Sardesai 2006). 357 

For example, congestion-pricing relies on the use of monetary disincentive for use of the car mode. 358 

Improvements to transit service may involve more frequent service and more extensive route coverage 359 

(thereby decreasing transit out-of-vehicle travel time by reducing wait time and walking time, 360 

respectively), or introduction of additional express services (thereby reducing in-vehicle travel time). In 361 

this study two different groups of scenarios are simulated for the commuting travel mode and departure 362 

time decisions. One group of simulations is carried out assuming that there is an increase in car travel 363 

cost during peak period. Another group of simulations is done assuming that there is a decrease in 364 

transit travel time in peak period due to the improved transit service frequency, and schedule reliability. 365 

The sample enumeration method is used to calculate the joint choice probabilities for each 366 

commuter based on the estimated parameters presented in Table 4 and Table 5. This method is 367 

extremely useful for producing aggregate shares for all alternatives. To produce the analysis of the 368 

impact of a change in travel-related attributes, the simulated choices following the change can be 369 

obtained based on Monte Carlo simulation (Small et al. 2002). The correct predicted probabilities for 370 

all alternatives are calculated based on the simulated choice. It is found that predicted shares 371 

approximately equal to the actual shares, as shown in Table 7. Therefore, the CNL model can be used 372 

to accurately represent the choice shares in the study area. 373 

INSERT TABLE 7 AROUND HERE 374 

Simulated results for one dollar, two and a half dollars, and five dollars increase in car travel cost 375 

during the peak period and for 10%, 20% and 30% saving transit travel time are presented in Table 8. 376 

As expected, the simulated results show that the choice probability of drive alone during the peak 377 

period decrease with the car travel cost increase and transit travel time decrease. However, the changes 378 

in car travel cost and transit travel time affect the choice of the drive alone mode during peak period in 379 

different ways. 380 

INSERT TABLE 8 AROUND HERE 381 

The effects of travel cost and travel time on the joint choice of travel mode and departure time 382 

based on two groups of scenarios are shown in Figure 6. The vertical axis shows percentage changes in 383 
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the joint choice shares. We can learn that shift occurs mainly between drive alone during peak hours, 384 

and transit during peak hours. A little amount shift from drive alone during peak to drive alone during 385 

off-peak and walk and bike during peak. Five dollars charge and 30% saving in transit travel time have 386 

a similar effect on reducing drive alone in peak hours. However, the share increase of transit use during 387 

peak period arising from five dollars charge is far below that arising from 30% saving in transit travel 388 

time. It is due to the fact that transit time saving during peak hours attracts more people from drive 389 

alone to transit. High driving cost during peak period drags people to change travel mode and departure 390 

time together. The simulated results inform us that we had better improve the transit services if we aim 391 

at encouraging the commuters to use transit during peak period, and we should increase the car travel 392 

cost if we aim at reducing traffic congestion during peak period. 393 

INSERT FIGURE 6 AROUND HERE 394 

As estimated results in Table 4 show, the work-related variables play important role for the 395 

decision of travel mode and departure time choice. Therefore, employer-based measures are likely to be 396 

useful tools in transportation system management, particularly if the measures are more than the simple 397 

subsidies for transit users. For example, the policy of allowing flexible work hours, and higher 398 

single-occupancy vehicle (SOV) parking cost would reduce the peak demand on auto. In addition, 399 

conversion of some existing parking area to bicycle and pedestrian facility area to improve the 400 

environment for non-motorized trips is likely to stimulate the walking and bicycling trips, especially 401 

for the commuters whose residential locations are not far way their workplace. 402 

The importance of transferability of choice models are gaining popularity as the  ability to 403 

transfer models from one region to another can help in significant cost and time savings for regions that 404 

cannot afford to invest in extensive data-collection and model-development procedures. However, 405 

choice models typically involve significant data ranging from socio-economic, demographic, choice 406 

variables, and revealed and stated preference attributes. Literature suggests that simply transferring a 407 

model is not a preferable option because no model is sufficiently specified (Galbraith and Hensher, 408 

1982), which also means the transferred model will have limitations on reflecting the travel behavior of 409 

users. As a result, assessing model transferability only on the basis of the set of model parameters being 410 

equal in the two areas is unlikely to be met and additional econometric assessments should be made 411 

(Ben-Akiva, 1981; Koppelman and Wilmot, 1986, Baode and Miller 1995). Empirical assessment of 412 

model transferability requires data and/or information from at least two different spatial regions.  413 

 414 

Conclusion 415 

This paper presents an analysis of the joint choice of travel mode and departure time for commuting 416 

trips, using three different types of GEV structures: MNL model, two NL model types, and CNL model. 417 

A combination of data sources are used to estimate the choice models for the Maryland-Washington 418 

region. Contribution of research in this paper is threefold: (1) development of a joint mode and 419 

departure time choice model development model, (2) assessment of various GEV model structures, and 420 

(3) application of the model to assess policy sensitiveness. In terms of model performance, the CNL 421 

significantly outperforms other models. Meanwhile, the CNL model provides great benefits in 422 

capturing the correlation along all the dimensions. Therefore, the CNL model is seen as a valuable tool 423 

in analysis of the joint choice of travel mode and departure time. Similar to most previous studies, the 424 

analysis shows that household characteristics, individual characteristics, work-related characteristics, 425 

and travel-related characteristics play important roles in the joint choice of commuting travel mode and 426 
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departure time. Comparing the values of dissimilarity parameters of different nests, we find that the 427 

mean value of dissimilarity parameter for commuting travel mode is higher than departure time, 428 

indicating that in general the commuters are more likely to shift their commuting travel mode than their 429 

departure time. 430 

Analysis of direct and cross elasticities suggests that commuters by transit are more sensitive to 431 

the travel-related attributes change than commuters by car. We also find that the commuters are more 432 

sensitive to the changes in travel time than that of travel cost except for the commuters by drive alone. 433 

Changes in travel cost and travel time for the commuters by drive alone during the peak period have 434 

the greatest effects on the probability choice of using transit during peak period. Two groups of 435 

simulations are conducted for increasing car travel cost and decreasing transit travel time during peak 436 

period to measure the aggregate choice shares, using the sample enumeration method. Significant 437 

choice switching effects are found, and the simulated results suggest that transport policies aimed at 438 

increasing transit ridership during the peak period by improving transit services have better effects than 439 

increasing car travel cost. Similarly, reducing traffic congestion during peak period by increasing car 440 

travel cost resulted in better transportation performance than improving transit services. If the two 441 

policies are integrated, the traffic problems can be alleviated more effectively. 442 

Charging for the use of the road has been seen by researchers as a solution to traffic problems in 443 

the city. There are more potential applications of the framework presented in this paper, such as the 444 

impact study of a hypothetical road user charging scheme, and the effect analysis of parking charges, 445 

transit subsidies, and flexible work hours on a traveler’s behavior. Further studies can be identified, 446 

which not only includes the applications of the framework based on the CNL model, but also includes 447 

the use of advanced model structures allowing jointly for cross-nesting and random taste heterogeneity 448 

to examine commuter travel behavior. 449 
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Table 1 Alternatives for joint choice of travel mode and departure time 

Alternatives Mode of home based work trip Departure time for home based work trip 

Alternative 1 Drive alone Peak 

Alternative 2 Drive alone Off-peak 

Alternative 3 Shared ride Peak 

Alternative 4 Shared ride Off-peak 

Alternative 5 Transit Peak 

Alternative 6 Transit Off-peak 

Alternative 7 Walk and bicycle Peak 

Alternative 8 Walk and bicycle Off-peak 
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Table 2 Descriptive statistics of sample data for home-based work trips (N=18510) 

Variable Name Variable Description Mean St. Dev. 

Household characteristics 

Household size 

Single person household (1=yes) 0.18 0.387 

Household size is equal to two persons (1=yes) 0.38 0.485 

Household size is equal to or more than three persons (1=yes) 0.44 0.496 

Household income 

Household income is less than $30,000 (1=yes) 0.04 0.206 

Household income is between $30,000 and $100,000 (1=yes) 0.45 0.498 

Household income is equal to or more than $100,000 (1=yes) 0.50 0.500 

Cars Ownership 

Household owns no car (1=yes) 0.04 0.191 

Household owns one car (1=yes) 0.26 0.438 

Household owns two or more cars (1=yes) 0.70 0.457 

Bicycles Household owns one or more bicycles available (1=yes) 0.57 0.495 

Household location Household locates in suburban area (1=yes) 0.29 0.454 

Individual characteristics 

Gender Male (1=yes) 0.52 0.499 

Age 

Person is less than 25 years old (1=yes) 0.06 0.240 

Person is between 25 and 54 years old (1=yes) 0.69 0.463 

Person is equal to or more than 55 years old (1=yes) 0.25 0.433 

Race 
African American (1=yes) 0.16 0.363 

Caucasian (1=yes) 0.74 0.440 

Occupation Person works in a government agency (1=yes) 0.36 0.480 

Jobs Person has more than one job (1=yes) 0.07 0.253 

Work-related characteristics 

flexibility for job Person enjoys flexible work hours (1=yes) 0.54 0.499 

Parking cost Employer provides free parking (1=yes) 0.56 0.497 

Subsidies for transit Employer provides subsidies for transit/vanpooling (1=yes) 0.18 0.383 

Bicycle facility Employer provides bike/pedestrian facilities or services (1=yes) 0.11 0.317 

Work location Person works in the CBD (1=yes) 0.26 0.438 

Travel-related characteristics 

Travel Time Continuous variable: total time of a trip for different travel mode (min) provided by MSTM 

Travel cost 
Continuous variable: total travel cost of a trip for different travel mode ($) as a function of distance 

provided by MSTM 
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Table 3 Choice percentage by independent variables (N=18510) 

Frequencies percentage (%) 

Travel mode Departure time 

Drive alone Shared ride Transit 
Walk and 

bicycle 
Peak Off-peak 

Overall percentage 75.2 4.1 16.8 3.8 73.4 26.6 

Household characteristics 

Household size 

Size1: Single person 67.6 1.3 25.3 5.8 73.8 26.2 

Size2: Two persons 73.9 4.6 17.0 4.5 74.2 25.8 

Size3: More than two 

persons 
79.6 4.9 13.1 2.4 72.5 27.5 

Household income 

Income1: <30,000 60.0 9.4 24.6 5.9 65.3 34.7 

Income2: 

30,000-100,000 
75.3 4.4 16.4 3.9 

71.7 28.3 

Income3: >100,000 76.5 3.4 16.5 3.6 75.6 24.4 

Cars Ownership 

Car1: No car 1.7 7.6 70.2 20.5 68.7 31.3 

Car2: One car 62.2 5.5 26.0 6.3 74.4 25.6 

Car3: More than one car 84.0 3.4 10.5 2.0 73.2 26.8 

Bicycles 
No bicycles 72.7 4.4 19.3 3.6 71.8 28.2 

Available 77.1 3.9 14.9 4.0 74.5 25.5 

Household location 
Suburban 70.0 4.1 21.1 4.9 70.2 29.8 

Others 88.1 4.3 6.3 1.3 74.7 25.3 

Individual characteristics 

Gender 
Male 76.2 2.7 16.8 4.3 71.1 28.9 

Female 74.2 5.7 16.8 3.3 75.8 24.2 

Age 

Age1: 16-24 65.9 11.6 17.0 5.5 66.8 33.2 

Age2: 25-54 75.1 3.8 17.2 3.8 74.1 25.9 

Age3: >55 77.8 3.1 15.6 3.4 72.8 27.2 

Race 

Race1: African American 69.4 5.8 23.3 1.6 71.8 28.2 

Race2: White 77.0 3.3 15.3 4.4 74.1 25.9 

Race3: Others 71.3 7.5 17.9 3.2 70.6 29.4 

Occupation 
Government 69.3 3.7 23.1 3.9 77.2 22.8 

Others 78.6 4.4 13.3 3.8 71.2 28.8 

Jobs 
One job 75.0 4.1 17.1 3.8 73.9 26.1 

More than one job 79.1 4.5 12.5 3.9 66.2 33.8 

Work-related characteristics 

Flexibility for job 
Yes 75.8 3.7 16.2 4.2 71.0 29.0 

No 74.5 4.6 17.5 3.4 76.1 23.9 

Parking cost 
Free 91.2 3.2 3.6 1.9 73.1 26.9 

Non-free 55.0 5.3 33.4 6.3 73.7 26.3 

Subsidies for transit 
Yes 35.7 3.1 56.1 5.1 80.1 19.9 

No 83.8 4.4 8.3 3.6 71.9 28.1 

Bicycle facility 
Yes 69.7 3.7 20.2 6.4 74.1 25.9 

No 75.9 4.2 16.3 3.5 73.3 26.7 

Work location 
CBD 52.7 4.7 34.1 8.5 73.8 26.2 

Not CBD 83.1 3.9 10.7 2.2 73.2 26.8 

Note: Group 2 is reference variable for the variables of household size, income, cars ownership, and age. Group 3 is 

reference variable for the variables of race.
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Table 4 Estimation results of the CNL model 

Variables 

Drive alone Shared ride Transit Walk and bicycle 

Off-peak Peak Off-peak Peak Off-peak Peak Off-peak 

parameter t-statistic parameter t-statistic parameter t-statistic parameter t-statistic parameter t-statistic parameter t-statistic parameter t-statistic 

Household characteristics 

Size1 -0.01 -0.19 -1.48 -7.82*** -2.38 -12.30*** -0.16 -8.02*** -0.14 -2.32** -0.18 -5.62*** -0.15 -2.35** 

Size3 0.05 1.32 0.12 1.21 0.38 2.75*** -0.03 -2.29 0.07 1.63 -0.03 -1.22 0.05 1.12 

Income1 0.16 1.96** -0.01 -0.06 0.65 3.14*** 0.04 1.41 0.12 1.35 0.01 0.25 0.12 1.31 

Income3 -0.17 -4.63*** -0.16 -1.60 -0.30 -1.89 0.01 1.12 -0.18 -4.47*** 0.07 2.82*** -0.19 -4.35*** 

Car1 -1.27 -2.30** 0.46 2.01** 1.43 6.33*** 0.72 8.47*** 1.02 7.83*** 0.76 8.36*** 0.98 7.49*** 

Car3 0.05 1.03 -1.24 -11.13*** -0.89 -5.06*** -0.21 -10.36*** -0.17 -3.13*** -0.21 -7.04*** -0.10 -1.82 

Bicycles -0.12 -3.29*** -0.12 -1.27 -0.08 -0.57 -0.03 -2.35 -0.12 -3.00*** 0.06 2.55** -0.08 -1.86 

Household 

location 
0.23 5.70*** 0.19 1.71 0.17 1.01 -0.15 -7.70*** 0.13 2.93*** -0.01 -0.18 0.15 2.93*** 

Individual characteristics 

Gender 0.25 7.17*** -0.84 -9.09*** -0.61 -4.70*** 0.04 3.67*** 0.30 7.95*** 0.11 4.88*** 0.37 8.93*** 

Age1 0.25 3.49*** 1.14 8.42*** 1.34 7.69*** 0.11 4.75*** 0.28 3.64*** 0.13 3.21*** 0.31 3.97*** 

Age3 0.10 2.57** 0.09 0.73 -0.04 -0.21 0.01 0.14 0.12 2.76*** 0.01 0.38 0.09 2.01** 

Race1 -0.08 -1.27 -0.62 -4.23*** -0.11 -0.59 -0.01 -0.38 -0.07 -0.95 -0.13 -2.48** -0.14 -1.83 

Race2 -0.20 -3.26*** -0.68 -5.49*** -0.70 -3.67*** -0.03 -1.87 -0.17 -2.91*** 0.07 1.90 -0.12 -1.87 

Occupation -0.20 -5.24*** 0.07 0.74 -0.23 -1.44 0.02 1.40 -0.16 -4.12*** 0.08 3.30*** -0.15 -3.33*** 

Jobs 0.35 5.51*** 0.11 0.64 0.10 0.41 -0.05 -2.19 0.28 3.97*** -0.04 -0.90 0.26 3.57*** 

Work-related characteristics 

Flexibility for 

job 
0.28 7.96*** -0.04 -0.41 0.13 0.95 -0.03 -2.93*** 0.27 7.13*** -0.02 -1.02 0.25 6.02*** 

Parking cost -0.11 -2.87*** -0.63 -6.67*** -0.31 -2.30** -0.40 -12.62*** -0.42 -8.47*** -0.26 -8.91*** -0.31 -6.74*** 

Subsidies for 

transit 
-0.30 -5.40*** -0.26 -1.93 -0.62 -2.50** 0.43 12.90*** 0.03 0.53 0.22 6.99*** -0.06 -0.86 

Bicycle facility -0.12 -3.29*** -0.12 -1.27 -0.08 -0.57 -0.03 -2.35 -0.12 -3.00*** 0.06 2.55** -0.08 -1.86 

Work location 0.09 2.09** 0.15 1.35 0.09 0.54 0.11 8.33*** 0.24 5.26*** 0.20 6.93*** 0.24 4.96*** 

Note: Alternative 1 is the base alternative. ***indicates significance at the 99 per cent level; **at the 95 per cent level.
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Table 5 Travel-related parameters, dissimilarity parameters, and data fit measures 

Attributes/

data fit 

measures 

MNL 
NL using nesting by 

travel mode 

NL using nesting by 

departure time 
CNL 

parameter t-statistic parameter t-statistic parameter t-statistic parameter t-statistic 

travel cost -0.0978 -22.23*** -0.0978 -22.23*** -0.0937 -19.82*** -0.0526 -14.24*** 

travel time -0.0323 -23.74*** -0.0323 -23.74*** -0.0311 -21.30*** -0.0180 -14.15*** 

μD 1.00 — 1.00 — — — 0.19 0.03 

μS 1.00 — 1.00 — — — 1.00 — 

μT 1.00 — 0.15 0.60 — — 0.18 0.10 

μW 1.00 — 1.00 — — — 0.16 4.28*** 

μP 1.00 — — — 1.00 — 0.15 13.70*** 

μO 1.00 — — — 0.88 16.22*** 0.10 11.84*** 

VTTS 

($/min) 
0.3303 0.3303 0.3319 0.3422 

final LL -19308.127 -19306.913 -19305.824 -18963.175 

adjusted 2 0.494 0.494 0.495 0.503 

Note: Alternative 1 is the reference category. LL=log-likelihood. VTTS= Value of travel time savings. 

***indicates significance at the 99 per cent level. 
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Table 6 Direct and cross elasticities for a random decision maker in study area 

Travel 

mode 

Direct elasticities Cross elasticities 

Travel cost elasticities Travel time elasticities Travel cost elasticities Travel time elasticities 

Peak Off-peak Peak Off-peak Peak Off-peak Peak Off-peak 

Drive 

alone 
-0.0906 -0.2019 -0.0847 -0.1886 — 0.3761 — 0.3532 

Shared 

ride 
-0.1282 -0.1298 -0.2392 -0.2423 0.3758 0.3758 0.3551 0.3511 

Transit -0.6134 -0.5546 -2.9297 -2.6489 1.6760 0.3758 1.5656 0.3511 

Walk and 

bicycle 
-0.0217 -0.0812 -1.9582 -2.3293 0.3811 0.3758 0.3560 0.3511 

Note: Alternative 1 is the reference alternative when calculating the cross elasticities. 
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Table 7 Comparisons between actual shares and predicted shares using sample enumeration 

Actual/ Predicted 

shares 

Drive alone Shared ride Transit Walk and bicycle 

Peak 

(%) 

Off-peak 

(%) 

Peak 

(%) 

Off-peak 

(%) 

Peak 

(%) 

Off-peak 

(%) 

Peak 

(%) 

Off-peak 

(%) 

Actual shares 54.25 20.99 2.90 1.24 13.57 3.23 2.65 1.19 

Predicted shares 54.42 20.49 2.95 1.26 13.71 3.32 2.86 0.97 

Note: Number of observations is 18510.
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Table 8 Predicted shares based on different scenarios 

Scenario group 

Drive alone Shared ride Transit Walk and bicycle 

Peak 

(%) 

Off-peak 

(%) 

Peak 

(%) 

Off-peak 

(%) 

Peak 

(%) 

Off-peak 

(%) 

Peak 

(%) 

Off-peak 

(%) 

Base scenario 54.42 20.49 2.95 1.26 13.71 3.32 2.86 0.97 

Scenario1: increasing car travel cost during the peak period 

One dollar 51.87 21.08 2.75 1.35 15.34 3.44 3.18 0.98 

Two and a half dollars 47.39 22.36 2.78 1.15 18.21 3.31 3.73 1.06 

Five dollars 39.36 24.06 2.70 1.50 23.33 3.27 4.64 1.14 

Scenario2: decreasing transit travel time during the peak period 

10% saving 49.48 20.67 2.91 1.29 18.82 3.06 2.90 0.90 

20% saving 44.10 20.14 2.57 1.23 25.53 2.76 2.82 0.86 

30% saving 38.83 19.43 2.55 1.13 31.80 2.65 2.78 0.83 

 


