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ABSTRACT 

This paper formulates a novel, multiple discrete-continuous extreme value model with ordered 

preferences (MDCEV-OP) to analyze multiple discrete-continuous (MDC) choices at a 

disaggregate level, including the number of instances different alternatives are chosen and the 

amount of consumption at each instance of choice. In doing so, the proposed model ensures a 

logically consistent prediction of multiple choice instances of an alternative. Specifically, the 

model prevents the prediction of positive allocation to the jth instance (i.e., a frequency of j 

episodes) of a good while predicting zero allocation to the (j-1)th or lower-numbered instances of 

that alternative. This is achieved by imposing a non-increasing order on the baseline-preference 

parameters of different choice instances of an alternative. The model results in a conditional 

likelihood function, where the likelihood arising from the optimality conditions of the utility 

maximization problem is conditioned on the ordering of baseline marginal utilities. Combining 

this strategy with independent and identically distributed (IID) Gumbel stochastic terms in the 

utility functions results in a closed-form likelihood expression that is not much more difficult than 

that of the MDCEV model. 

The proposed framework is applied for an empirical analysis of disaggregate, episode-level 

activity participation and time allocation behavior of non-working adults in Los Angeles, 

California. The empirical MDCEV-OP model provided better fit and predictive accuracy (in both 

estimation and validation datasets) for analyzing episode-level activity participation than a 

disaggregate MDCEV model that does not recognize the logical ordering of episodes. At the same 

time, the activity-level predictions aggregated from the episode-level predictions of the MDCEV-

OP model do not deviate significantly from the predictions of an aggregate MDCEV model. These 

results highlight the efficacy of the proposed model for analyzing episode-level activity generation 

and time allocation. 

 
Keywords: multiple discrete-continuous choice models, conditional likelihood, time use, episode-
level activity generation. 
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1. INTRODUCTION 

Many consumer decisions involve discrete choice alternatives that are not perfect substitutes in 

that the consumer can potentially choose multiple alternatives as opposed to a single alternative. 

In addition, consumers also decide how much to consume for each chosen alternative. Such choice 

situations, labeled multiple discrete-continuous (MDC) choice situations (Dubé, 2004; Bhat, 2005) 

have been recognized and analyzed in many different empirical contexts, including individual 

activity participation and time-use, and household vehicle ownership and utilization. 

The primary approach to modelling MDC choices is based on random utility maximization 

(RUM), where consumer choices arise from maximizing a non-linear utility function of 

consumption, subject to budget constraints. The utility function is specified such that it 

accommodates decreasing marginal utility. Doing so allows imperfect substitutes in that choice of 

multiple alternatives (as opposed to a single alternative) might lead to optimal utility. At the same 

time, the utility structure allows zero consumptions so that not all goods need to be in the optimal 

consumption bundle. This approach may be traced back to the seminal work of Wales and 

Woodland (1983) (also see Hanemann, 1978). A notable formulation of this approach is the 

Multiple Discrete Continuous Extreme Value (MDCEV) model of Bhat (2005) that employs log 

extreme value distributions in the utility formulation to derive a compact, closed-form likelihood 

expression that subsumes the multinomial logit model as a special case. Further, a box-cox utility 

formulation of Bhat (2008) subsumes most other additively separable utility forms used in the 

literature, such as those in Kim et al. (2002) and von Haefen and Phanuef (2005), as special cases.   

 The basic RUM approach to modeling MDC choices has been extended in many ways, 

such as to incorporate: (a) flexible stochastic specifications (Pinjari and Bhat, 2009; Pinjari, 2011; 

Bhat et al., 2013; Wang et al., 2017) (b) non-additively separable and other flexible utility profiles 

(Lavín and Hanemann, 2008; Bhat et al., 2015; Bhat, 2018; Palma and Hess, 2020), and (c) and 

multiple linear budget constraints (Satomura et al., 2011; Castro et al., 2012; Mondal and Bhat, 

2021). These modeling frameworks have been applied in a wide variety of empirical contexts, 

including activity participation and time-use analysis (Bhat, 2005; Habib and Miller, 2009; 

Chikaraishi et al., 2010; Pinjari et al., 2016; Calastri et al., 2017; Enam et al., 2018), household-

level mode choice and expenditure (Rajagopalan and Srinivasan, 2008), and vehicle ownership 

and usage (You et al., 2014; Bhat et al., 2009; Jäggi  and Axhausen, 2013; Jian et al., 2017). 
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1.1 Research Gap 

An important limitation of most RUM-based MDC models, despite the advances made in the field, 

is the inability to analyze consumption considering a disaggregate categorization of alternatives 

that recognizes the number of instances of consumption of an alternative, along with the amount 

of consumption at each instance of choice of that alternative. In most MDC model formulations 

thus far, the analysis, be it time allocation across activities or expenditure allocation across goods, 

has pertained to aggregate allocation across all instances of consumption of each choice 

alternative. For example, in time-use applications of most MDC models, individuals’ daily time 

allocation across different types of activities is modelled while ignoring the number of episodes of 

each activity-type. Therefore, such frameworks cannot be used to analyze or forecast the specific 

activity-episodes one participates in on a day, but only the total time allocated across all episodes 

of each activity on the day. However, it is useful to model time allocations at an activity episode 

level (instead of aggregate, activity1level). Doing so helps in understanding the factors influencing 

the generation and duration of activity-episodes (rather than an aggregate effect on time allocation 

to all episodes of an activity in a day). Further, knowledge of all activity-episodes generated in a 

day along with their duration can be used for scheduling the episodes in subsequent steps. 

Another context where it is useful to model discrete-continuous outcomes at a disaggregate 

level is households’ vehicle fleet composition and usage (You et al., 2014). Most MDC 

frameworks used in this context do not recognize that households may own multiple vehicles of a 

same type, and model the total mileage accrued on all vehicles of a type. Doing so does not help 

predict ownership of the number of vehicles of a type nor the usage of (mileage on) each vehicle. 

1.2 Existing Approaches 

To be sure, the above-discussed shortcoming has been addressed to some extent in different ways. 

For example, in modeling individual activity participation and time-use, one may define choice 

alternatives as combinations of activity-type and discrete time-of-day categories (Rajagopalan et 

al., 2009). This allows one to model the occurrence and duration of a same activity-type across 

different time-of-day periods but does not account for multiple occurrences/episodes of a given 

activity-type within the same time-of-day period. A similar approach models activity participation 

and time by defining choice alternatives as a combination of activity-type and activity location. 

                                                            
1 The term ‘activity’ is sometimes used in this paper to refer to ‘activity-type’, especially for activity-level time allocation. 
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However, both these approaches do not help in understanding and predicting the frequency (or 

number of episodes) of an activity within a given time-of-day or spatial location. In another study, 

Habib and Miller (2009) developed a random utility-based multiple discrete-continuous choice 

approach to model the frequency of participation of different activity types (to generate activity-

episodes). However, their formulation assumes that the episode-level duration of activities is 

exogenously given and that different episodes of a given activity type are of the same duration. 

In another line of research, Garikapati et al. (2014) integrate a multivariate count data 

model system with an MDCEV model of household vehicle ownership and usage. Specifically, 

the MDCEV component is used to model the ownership of and mileage accrual on a broadly 

categorized portfolio of vehicles, and the multivariate count system is used to model the number 

of vehicles owned of each type. This framework, however, does not model the mileage accrued on 

each vehicle within a given vehicle type. 

In a recent paper, Palma et al. (2021) formulated a time-use model by defining choice 

alternatives as disaggregate, activity-episodes (instead of aggregate, activity-types) to model the 

generation of episodes of different types of activities along with their duration. To accommodate 

logical ordering of occurrence of episodes of any activity-type (i.e., for a higher-numbered episode 

not to occur without the occurrence of a lower-numbered episode), they allow the deterministic 

component of the baseline marginal utility of a higher-numbered episode of that activity-type to 

be lower than that of the lower-numbered episodes of that same activity-type by introducing a 

negative penalty term for the higher-numbered episode in the utility profile. Doing so makes the 

model similar to the original MDCEV model of Bhat (2008), except that the choice alternatives 

are defined at an activity-episode level instead of an activity level. While this is a helpful empirical 

strategy to forecast time allocation at the activity-episode level, the formulation does not preclude 

the occurrence of the jth episode of an activity-type when the (j-1)th episode of the same activity-

type has not occurred (unless of course, the stochastic terms in the baseline utilities of the jth and 

(j-1)th activity-episodes are same or, they are appropriately truncated during prediction).  

1.3 Contribution of this Paper – A Novel MDCEV-OP Model     

In this paper, we propose a new modeling framework to analyze MDC choices at a disaggregate 

level, including the number of instances different goods are chosen (i.e., frequency of choice) and 

the amount of consumption at each instance of choice. In doing so, the proposed model ensures a 

logically consistent prediction of multiple choice instances of a given good. Specifically, the model 
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prevents the prediction of positive allocation to the jth instance (i.e., a frequency of j episodes) of 

a good while predicting zero allocation to the (j-1)th or lower-numbered instances of that good.  

The model is applied to an empirical analysis of individuals’ daily activity-generation and 

time allocation at an activity-episode level. To do so, the formulation starts with defining choice 

alternatives as episodes of different activity-types (i.e., an activity-type and an episode number 

form a choice alternative) so that time-allocation can be modeled at an episode level. Importantly, 

the formulation ensures a logical consistency that a higher-numbered episode of an activity-type 

occurs only when all the lower-numbered episodes of that activity-type have also occurred (i.e., 

the jth episode of an activity-type occurs only when the (j-1)th episode has also occurred). To better 

understand this, consider an example where an individual can participate in up to two episodes of 

shopping in a day. From a prediction standpoint, there are four possibilities in this context – (1) 

both the first and second episode are predicted with non-zero time allocation, (2) the first episode 

is predicted with a non-zero allocation and the second episode is predicted with zero allocation, 

(3) the second episode is predicted with a non-zero allocation and the first episode is predicted 

with a zero allocation, and (4) both the episodes are predicted with a zero allocation. Among these, 

the third possibility is illogical since a second episode must not occur unless the first episode has 

also occurred. Therefore, it is important to ensure that the second episode is predicted only when 

the first episode is also predicted. That is, the model must preclude the possibility that the second 

episode occurs without the occurrence of the first episode.  

Accommodating such conditions via explicit constraints in the utility maximization 

framework is difficult, for it leads to mixed-integer programs that cannot be solved analytically. 

To circumvent this problem, we exploit the properties of MDC choice models with additive utility 

functions to condition on the baseline utility parameters. Specifically, instead of explicit 

constraints on time-allocations to different episodes of an activity-type, we impose non-increasing 

ordering conditions on the baseline marginal utility functions of all episodes of that activity-type, 

with that of the first episode being first in the order, followed by the second episode, and so on. 

Such ordering conditions help ensure the above-discussed logical consistency in the prediction of 

activity episodes. Although conceptually simple, a difficulty in imposing ordering conditions 

across baseline marginal utility parameters of different episodes of an activity is that the parameters 

are specified as unbounded stochastic distributions. It is difficult to ensure ordering across different 

unbounded distributions. To address this issue, we develop a conditional likelihood function, 
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where the likelihood of the random utility maximization model is conditioned on the above-

discussed ordering of baseline marginal utilities. As a result, as demonstrated later in the paper, 

the model structure is parsimonious and leads to closed-form likelihood expression under the 

assumption of IID type-1 extreme value distributions typically used for MDCEV models. In fact, 

it so happens that the likelihood function is a ratio of the likelihood of the traditional MDCEV 

model to that of the rank-ordered logit functions for the ordering of baseline marginal utility 

functions of the chosen episodes of each activity-type. Such a likelihood expression is not any 

more difficult to understand and code for estimation purposes than that of the traditional MDCEV 

model.  

The proposed modeling framework is labeled the MDCEV model with ordered preferences 

(MDCEV-OP model) due to the key role played by the ordering conditions on the preference 

parameters. In addition to episode-level daily activity participation and time-use analysis, this 

framework is applicable to other MDC choices where the frequency of allocation is of importance 

to the analyst. For example, the proposed framework can be used to analyze individuals’ frequency 

of shopping visits and time and money allocations at different types of shopping places (e.g., a 

single, large shopping episode per week at a mall vs. frequent shopping visits to a corner store). 

Other such examples include modeling time spent at different vacation destinations along with the 

frequency of visits to each destination while analyzing vacation travel in a year. In the context of 

vehicle ownership and usage, the proposed framework can be used to analyze mileage accrued on 

each vehicle within a class (as opposed to total mileage accrued on all vehicles within a class) and 

helps recognize that different vehicles within a same class can have different levels of usage. 

1.4. Role of the MDCEV-OP-based time-use model in activity-based models of travel demand 

The proposed episode-level activity participation and time allocation model can potentially be used 

as a daily activity generation model component in an activity-based travel demand system. A 

typical activity-based travel demand model has two main components – activity generation and 

activity scheduling (Bhat and Koppelman 1993; Habib and Miller, 2009). The activity generation 

component is associated with the generation of activity-episodes that are to be scheduled within a 

given time frame (Habib and Miller, 2009). On the other hand, the activity scheduling component 

involves the sequencing, location, and other attributes of activity episodes while considering 

spatial and temporal constraints, along with travel decisions such as mode and departure time.  
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The idea of incorporating activity scheduling along with activity-episode generation within 

a unified framework, while appealing, is difficult to execute. This is because scheduling decisions 

include various intertwined choice dimensions (such as start timing, sequencing, destination, and 

mode choices) and spatial and temporal constraints and are therefore complex to model within a 

single econometric framework along with activity generation (Habib, 2018). Therefore, many 

econometrically based studies (Zhang et al., 2005; Srinivasan and Bhat, 2005; Habib and Miller, 

2009; Bradley et al., 2010 to name a few) have focused on activity generation independently of 

activity scheduling. While most work on activity generation has pertained to generating activity-

level agendas (without considering activity-episodes), a few studies (Habib and Miller, 2009; 

Ferdous et al., 2010; Bhat et al., 2014) have attempted to model the frequency of participation in 

different types of activities without necessarily going into the intricacies of scheduling. In this 

context, studies that utilize computational process models to represent the intricacies of activity 

scheduling also first generate an agenda of activity episodes before delving into activity scheduling 

(see, for example, Miller and Roorda, 2003; Roorda et al., 2008). The current study contributes to 

this substantive line of research on generating an agenda of activity episodes (and the duration of 

each episode) without delving into the scheduling aspects. 

The limitations of not considering activity scheduling aspects along with activity-episode 

generation in the proposed model can possibly be addressed in future research in the following 

ways: (1) First, the proposed framework can be expanded to include the activity timing dimension 

by defining the choice alternatives as a combination of activity-type, time-of-day (discrete 

intervals), and episode number of an activity type within a given time-of-day interval (this is a 

straight forward extension with an increase in the number of choice alternatives in the model). (2) 

Second, the influence of accessibility variables – travel times and costs to different locations by 

different modes – on activity-episode generation can be included by considering log-sum variables 

constructed from downstream models of destination and mode choice (as done in Eluru et al., 

2010; and Bradley et al., 2010). It is worth noting here that, without going down to the episode-

level (i.e., if activity generation is at an aggregate, activity-level), it becomes difficult to consider 

the influence of accessibility variables on activity generation. This is because different activity 

episodes are likely to be associated with different travel origins, destinations, and modes. 

Moreover, the use of the proposed model as an activity-episode generator obviates the need for 

additional modelling steps and computation required to arrive at an agenda of activity episodes 
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and their durations, which are useful as inputs for the scheduling components of activity-based 

models.  

The remainder of the paper is organized as follows. Section 2 discusses the proposed model 

structure, derives a closed-form likelihood expression, and presents a forecasting procedure for the 

proposed model. This section also provides a conceptual basis for applying the model to activity 

participation and time use analysis at an activity-episode level. Section 3 presents an empirical 

application of the proposed model for analyzing individuals’ disaggregate, episode-level activity 

participation and time allocation across different activity-types. Subsequently, the performance of 

the proposed model is compared with that of a disaggregate, episode-level MDCEV model that 

does not recognize logical ordering across episodes (referred to as disaggregate MDCEV model) 

and the aggregate, activity-level MDCEV model (referred to as aggregate MDCEV model). The 

last section concludes the paper and identifies avenues for future research. In addition, some details 

of the derivation for the proposed model and a simulation experiment to demonstrate parameter 

recovery from the model are presented in the appendices (i.e., Appendix A and B) 

2. METHODOLOGY 

In this section, we first outline an MDC choice model with activity-episodes as choice alternatives 

and then enhance it to ensure a logical ordering of episodes. We also outline a procedure to apply 

the proposed model for forecasting and simulation. 

2.1 Notation and Preliminaries 

Let 𝑘𝑘 be an index for activity-type, 𝕂𝕂 denote the set of activity-types (𝕂𝕂 = {1,2,3 … .𝐾𝐾}) a person 

can take part in, and 𝐾𝐾 denote the total number of activities (or activity-types). Let the first of these 

activities (𝑘𝑘 = 1) be the essential Hicksian outside good that includes time allocation to all 

activities other than those of interest for our analysis. Time allocation to the remaining activities 

(𝑘𝑘 ∈ {2,3 …𝐾𝐾}) is of interest to the analyst. The time allocated to the first activity is assumed to 

be in a single episode.2 However, let each other 𝑘𝑘𝑡𝑡ℎ (𝑘𝑘 ∈ {2,3 …𝐾𝐾} ) activity have a maximum 

number of 𝐽𝐽𝑘𝑘 episodes (and let 𝑗𝑗𝑘𝑘 ∈ 𝕁𝕁𝕜𝕜 ∶  𝕁𝕁𝕜𝕜 = {1,2, … 𝐽𝐽𝑘𝑘}) that are exogenously specified based on 

empirically observed maximum number of episodes for that activity. Each choice alterative is 

defined by an activity and episode combination. Specifically, (𝑘𝑘, 𝑗𝑗𝑘𝑘) is an index for the 𝑗𝑗𝑘𝑘𝑡𝑡ℎ 

                                                            
2 In this specification, the budget allocation for the essential Hicksian outside good (i.e., alternative 1) is assumed to occur at an 
aggregate level (that is, no multiple activity-episodes for the outside good). Extension of this formulation to accommodate multiple 
occurrences for the outside good is straight forward. 
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episode of activity 𝑘𝑘, for all 𝑗𝑗𝑘𝑘 ∈ 𝕁𝕁𝕜𝕜 and 𝑘𝑘 ∈ 𝕂𝕂. Note that the terms activity and episode are not 

used interchangeably. 

Let 𝑚𝑚 be an index for the chosen activities, with 𝕄𝕄  denoting the set of chosen activities, 

and 𝑀𝑀 denoting the total number of chosen activities. Let 𝑚𝑚′ be an index for non-chosen activities, 

with 𝕄𝕄′ denoting the set of non-chosen activities. Without loss of generality, let us assume that 

the first 𝑀𝑀 of the 𝐾𝐾 activities are the chosen activities (i.e., 𝕄𝕄 = {1,2,3 … .𝑀𝑀}) and that the 

remaining are the non-chosen activities (i.e., 𝕄𝕄′ = {𝑀𝑀 + 1,𝑀𝑀 + 2, …𝐾𝐾}).   

For each chosen activity 𝑚𝑚, let 𝑖𝑖𝑚𝑚 (𝑖𝑖𝑚𝑚 ∈ 𝕀𝕀𝕞𝕞: 𝕀𝕀𝕞𝕞 = {1,2,3 … 𝐼𝐼𝑚𝑚}) be the index for chosen 

episodes while 𝑖𝑖′𝑚𝑚 (𝑖𝑖′𝑚𝑚 ∈ 𝕀𝕀𝕞𝕞′ ;  𝕀𝕀𝕞𝕞′ = {𝐼𝐼𝑚𝑚 + 1, 𝐼𝐼𝑚𝑚 + 2, … 𝐽𝐽𝑚𝑚}) be the index for non-chosen 

episodes. Similarly, for each non-chosen activity 𝑚𝑚′ all episodes are represented by 𝑖𝑖′𝑚𝑚′ (𝑖𝑖′𝑚𝑚′ ∈

𝕀𝕀𝕞𝕞′ 
′ : 𝕀𝕀𝕞𝕞′ 

′ =  {1,2,3 … 𝐽𝐽𝑚𝑚′}). Note that none of the episodes of non-chosen activities is chosen. 

Other notation used in the model formulation is described later during the formulation. 

2.2 Activity Episode-level Model Formulation 

The proposed model assumes that individuals make their time allocation decisions to maximize 

the utility derived from their time allocation subject to a time budget constraint. Specifically, 

consider the following additively separable non-linear utility function that is a sum of utility 

derived from the time spent in each episode of each activity-type:     

𝑈𝑈�𝒕𝒕𝑞𝑞� =  𝜓𝜓𝑞𝑞1 𝑙𝑙𝑙𝑙�𝑡𝑡𝑞𝑞1 � + � � 𝜓𝜓𝑞𝑞𝑘𝑘,𝑗𝑗𝑘𝑘𝛾𝛾𝑞𝑞𝑘𝑘 𝑙𝑙𝑙𝑙 �
𝑡𝑡𝑞𝑞𝑘𝑘,𝑗𝑗𝑘𝑘

 

𝛾𝛾𝑞𝑞𝑘𝑘 
+ 1�

𝐽𝐽𝑘𝑘

𝑗𝑗𝑘𝑘 =1

𝐾𝐾

𝑘𝑘=2

 (1) 

Here, 𝑈𝑈�𝒕𝒕𝑞𝑞� is the total utility that an induvial 𝑞𝑞 accrues from spending a non-negative amount of 

time in each of the possible 𝐽𝐽𝑘𝑘 episodes of each of the 𝐾𝐾 activities. 𝒕𝒕𝑞𝑞 is a vector of time allocations 

𝑡𝑡𝑞𝑞𝑘𝑘,𝑗𝑗𝑘𝑘∀ 𝑗𝑗𝑘𝑘 ∈ 𝕁𝕁𝕜𝕜 and 𝑘𝑘 ∈ 𝕂𝕂, where 𝑡𝑡𝑞𝑞𝑘𝑘,𝑗𝑗𝑘𝑘 is the time allocation by individual 𝑞𝑞 to 𝑗𝑗𝑘𝑘𝑡𝑡ℎ episode of 

the  𝑘𝑘𝑡𝑡ℎ activity.  The right-hand side of Equation (1) is a valid utility function if the parameters 

of the utility function are such that  𝜓𝜓𝑞𝑞1 > 0, 𝜓𝜓𝑞𝑞𝑘𝑘,𝑗𝑗𝑘𝑘 > 0, and 𝛾𝛾𝑞𝑞𝑘𝑘 > 0 ∀ 𝑗𝑗𝑘𝑘 ∈ 𝕁𝕁𝕜𝕜 and 𝑘𝑘 ∈ 𝕂𝕂\{1}3.  

𝜓𝜓𝑞𝑞1 is the utility parameter of the essential outside activity. 𝜓𝜓𝑞𝑞𝑘𝑘,𝑗𝑗𝑘𝑘 is the baseline marginal 

utility parameter for (i.e., marginal utility at zero time allocation to) 𝑗𝑗𝑘𝑘𝑡𝑡ℎ episode of the 𝑘𝑘𝑡𝑡ℎ activity. 

Ceteris paribus, activity-episodes with a greater value of baseline marginal utility are more likely 

                                                            
3 The notation 𝕂𝕂\{1} refers to set differences, i.e., all the elements in set 𝕂𝕂 except the element 1. 



9 
 

to be chosen as well as allotted more time than other activity-episodes. To accommodate 

heterogeneity in individuals’ preferences, the baseline marginal utility parameter may be 

parameterized as 𝜓𝜓𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘 = exp�𝛽𝛽′ 𝑧𝑧𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘 + 𝜀𝜀𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘�, where 𝑧𝑧𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘 are the individual 𝑞𝑞’s attributes 

influencing 𝜓𝜓𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘 and 𝜀𝜀𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘 is a random term to recognize unobserved factors that influence 

individual 𝑞𝑞’s preferences. Similarly, 𝜓𝜓𝑞𝑞1 is expressed as 𝜓𝜓𝑞𝑞1 = exp�𝜀𝜀𝑞𝑞1�.  

   𝛾𝛾𝑞𝑞𝑞𝑞 is the satiation parameter for any episode of activity 𝑘𝑘 and influences the amount of 

time an individual 𝑞𝑞 allocates to episodes of that activity. Ceteris paribus, activity-episodes with 

higher 𝛾𝛾𝑞𝑞𝑞𝑞 values have a lower rate of satiation, i.e., greater time allocation than those with lower 

𝛾𝛾𝑞𝑞𝑞𝑞 values. Note that 𝛾𝛾𝑞𝑞𝑞𝑞 is assumed to be the same across different episodes of an activity-type 

(𝑘𝑘), while it can be different across different activity-types. This is an innocuous assumption since 

each episode is of the same activity-type. Besides, differences in baseline utilities (𝜓𝜓𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘) across 

different episodes of the activity allow for different rates of satiation (and durations) across 

different episodes of the activity. Moreover, as discussed later in Section 2.3.5, specifying the 

satiation parameter (𝛾𝛾𝑞𝑞𝑞𝑞) to be the same across different episodes of an activity helps with 

maintaining tractability of the model and its estimation.  

 Next, it is assumed that individuals have an exogenously given time budget 𝑇𝑇𝑞𝑞, as below: 

��𝑡𝑡𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘

𝐽𝐽𝑘𝑘

𝑗𝑗=1

𝐾𝐾

𝑞𝑞=1

= 𝑇𝑇𝑞𝑞 (2) 

In addition, the model formulation ought to recognize non-negativity constraints on time 

allocations: 𝑡𝑡𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘 ≥ 0,∀ 𝑗𝑗𝑞𝑞 ∈ 𝕁𝕁𝕜𝕜 and 𝑘𝑘 ∈ 𝕂𝕂/{1}, while the utility formulation ensures 𝑡𝑡𝑞𝑞1 > 0. 

 The Lagrangian for the above problem may be written as: 

𝐿𝐿𝑞𝑞 =  𝜓𝜓𝑞𝑞1 𝑙𝑙𝑙𝑙�𝑡𝑡𝑞𝑞1 � + � � 𝜓𝜓𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘𝛾𝛾𝑞𝑞𝑞𝑞 𝑙𝑙𝑙𝑙 �
𝑡𝑡𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘

 

𝛾𝛾𝑞𝑞𝑞𝑞 
+ 1�

𝐽𝐽𝑘𝑘

𝑗𝑗𝑘𝑘 =1

𝐾𝐾

𝑞𝑞=2

−  𝜆𝜆𝑞𝑞 ���𝑡𝑡𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘

𝐽𝐽𝑘𝑘

𝑗𝑗=1

𝐾𝐾

𝑞𝑞=1

− 𝑇𝑇𝑞𝑞� (3) 

where, 𝜆𝜆𝑞𝑞 is the Lagrange multiplier for the binding budget constraint. The optimal time 

allocations satisfy the following Karush-Kuhn-Tucker (KKT) conditions of optimality for all non-

essential choice alternatives (and the time budget constraint): 
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𝜓𝜓𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘

�
𝑡𝑡𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘
∗

𝛾𝛾𝑞𝑞𝑞𝑞
+ 1�

= 𝜆𝜆𝑞𝑞  𝑖𝑖𝑖𝑖 𝑡𝑡𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘
∗ > 0 ∀ 𝑗𝑗𝑞𝑞 ∈ 𝕁𝕁𝕜𝕜 and 𝑘𝑘 ∈ {2,3, … ,𝐾𝐾} 

(4) 

and, 

𝜓𝜓𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘

�
𝑡𝑡𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘
∗

𝛾𝛾𝑞𝑞𝑞𝑞
+ 1�

< 𝜆𝜆𝑞𝑞  𝑖𝑖𝑖𝑖 𝑡𝑡𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘
∗ = 0 ∀ 𝑗𝑗𝑞𝑞 ∈ 𝕁𝕁𝕜𝕜 and 𝑘𝑘 ∈ {2,3, … ,𝐾𝐾} 

(5) 

Next, alternative 1, being the essential Hicksian outside good, is always allocated some non-zero 

time. Thus, the optimality condition for the outside good is: 

𝜓𝜓𝑞𝑞1
𝑡𝑡𝑞𝑞1∗

= 𝜆𝜆𝑞𝑞 (6) 

These stochastic KKT conditions may be used to formulate the likelihood of observed time 

allocations. The specific form of the likelihood function depends on the distribution of the 

stochastic terms (𝜀𝜀𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘). For example, assuming the stochastic terms as independent and 

identically (iid) Gumbel distributed across choice alternatives and individuals gives rise to the 

standard MDCEV model of Bhat (2008), with activity-episodes as the choice alternatives. Given 

the disaggregate nature of the choice alternatives, we label this the disaggregate MDCEV model. 

For later use, we label the typical MDC choice models that specify activity-types (without regard 

to the episodes) as choice alternatives as the aggregate MDCEV model. 

2.3 Activity Episode-level Model Formulation with Logical ordering of Activity-Episodes 

(The MDCEV-OP Model) 

Defining the time-use choice alternatives as activity-episodes is a means to model time-use at an 

episode level and, thereby, implicitly model the frequency of occurrence of each activity. In this 

formulation, to ensure a logical ordering of episodes for consistency in prediction we first propose 

a labeling system for different episodes of an activity. This is discussed next, along with the model 

formulation and its likelihood derivation. We label such a model that ensures a logical ordering of 

episodes as the MDCEV model with ordered preferences (MDCEV-OP). 
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2.3.1 Episode labeling/numbering  

The episodes must be labeled according to a logical criterion, and the same labeling system must 

be used for all activities and all individuals. Different labeling approaches may be used. One 

approach is to label them based on attributes that differentiate one episode from another. For 

example, one can use time-of-day, location, or a combination of these attributes to label and 

differentiate the episodes of an activity. As discussed earlier, doing so does not help in recognizing 

if multiple episodes of an activity occur for a single time-of-day period, location, or a combination 

of these attributes. The second approach is to use the chronology of occurrence to differentiate and 

label the episodes. However, the objective of most MDC modelling applications to time-use 

analysis is activity generation (i.e., analysis of what activities are undertaken and for how long), 

not activity scheduling (i.e., when and in what sequence are activities undertaken). 

 In view of the above discussion, the activity-episodes in our model ought to be agnostic to 

chronology, time-of-day of occurrence, or other attributes of the episodes. Instead, we label the 

episodes of an activity in accordance with the non-increasing order of durations of the episodes. 

That is, the longest duration episode of an activity is denoted the first episode, the second-longest 

as the second episode, and so on. This means that, for any activity 𝑘𝑘, the episode numbers 

(𝑗𝑗𝑞𝑞 ∈ {1,2, … 𝐽𝐽𝑞𝑞}) are defined based on a non-ascending order of episode time-durations, such that: 

𝑡𝑡𝑞𝑞𝑞𝑞,1
 ≥ 𝑡𝑡𝑞𝑞𝑞𝑞,2

 ≥ ⋯ ≥ 𝑡𝑡𝑞𝑞𝑞𝑞,𝐽𝐽𝑘𝑘
  ∀  𝑘𝑘 ∈ {2,3, … ,𝐾𝐾} (7) 

Defining episodes in this manner does not lose generality from the standpoint of activity-episode 

generation and duration modeling. Besides, doing so, in combination with the fact that the 𝛾𝛾𝑞𝑞 

parameter value is the same across different episodes of an activity 𝑘𝑘 helps in deriving an 

analytically tractable model.  

2.3.2 Consistency in the prediction of episodes 

Recall that the model should not allow a higher-numbered episode of an activity to occur without 

the occurrence of lower-numbered episodes of that activity. There are two ways to do so. One way 

is to explicitly incorporate the following set of constraints on time allocations in the model:  

𝑡𝑡𝑞𝑞𝑞𝑞,(𝑗𝑗𝑘𝑘+1) = 0 𝑖𝑖𝑖𝑖 𝑡𝑡𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘 = 0 ∀ 𝑘𝑘 = {2,3 … ,𝐾𝐾} , 𝑗𝑗𝑞𝑞 ∈ {1,2,3, … 𝐽𝐽𝑞𝑞 − 1} (8) 

Accommodating such constraints, however, complicates the utility maximization problem, as it 

requires mixed-integer programming. An alternative to explicit constraints in the model is to 

express the utility function such that the individuals’ preferences automatically ensure that no 
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individual chooses a higher-numbered episode of an activity without a lower-numbered episode. 

To do this, we impose the following ordering condition on baseline marginal utility parameters: 

𝜓𝜓𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘 ≥ 𝜓𝜓𝑞𝑞𝑞𝑞,(𝑗𝑗𝑘𝑘+1) ∀ 𝑘𝑘 ∈ {2,3, … , K}, 𝑗𝑗𝑞𝑞 ∈ {1,2,3, … 𝐽𝐽𝑞𝑞 − 1} (9) 

To understand this better, recall the work of Pinjari and Bhat (2021), who highlight an important 

property of MDC choice models with additively separable utility functions. Specifically, using the 

KKT conditions of optimality, they show that the baseline marginal parameter of any chosen 

alternative (other than the outside good) is greater than that of non-chosen alternatives. This 

property implies that, if for an activity 𝑘𝑘, an 𝑖𝑖𝑡𝑡ℎ episode is chosen, then all episodes 𝑗𝑗 ∶  𝜓𝜓𝑞𝑞𝑞𝑞,𝑗𝑗 ≥

𝜓𝜓𝑞𝑞𝑞𝑞,𝑖𝑖  must be chosen. Conversely, if we impose the ordering conditions of Equation (9), then there 

would be no occurrence of a higher-numbered episode without that of a lower-numbered episode. 

 To accommodate the above ordering, we propose a conditioning method, where the 

stochastic KKT conditions obtained from the individuals’ utility maximization problem are 

conditioned on the ordering in Equation (9). That is, we derive a conditional likelihood function 

of the KKT conditions in Equations (4), (5), and (6) – conditioned on the ordering inequalities in 

Equation (9). An interpretation of such conditioning is that the baseline marginal utility parameter 

influencing the occurrence of each episode of an activity k is right-truncated by that of the previous 

episode (because we are conditioning on the inequality that 𝜓𝜓𝑞𝑞𝑞𝑞,𝑗𝑗𝑘𝑘 ≥ 𝜓𝜓𝑞𝑞𝑞𝑞,(𝑗𝑗𝑘𝑘+1)).  

2.3.3 Conceptual basis for the MDCEV-OP model 

The proposed model represents the trade-off when an individual is faced with the following 

decisions: (a) perform an activity for a long duration, or (b) perform that activity over multiple 

episodes of shorter durations. If the individual can start a new episode of the activity at a lower 

satiation value (hence higher marginal utility) than pursuing a longer episode of the same activity 

at a higher satiation value (hence lower marginal utility), then she would split her time into multiple 

episodes of shorter duration than a single, long-duration activity.4 At the same time, all episodes 

of the activity need not be of the same time duration since the baseline preference parameters (in 

addition to the satiation parameters) also influence episode duration.  

                                                            
4 Mathematically speaking, if  ( 1)th

kj −  and th
kj  episodes of an activity are chosen, then, 𝜓𝜓𝑞𝑞,𝑗𝑗𝑘𝑘 ≥ 𝜆𝜆 and 

𝜓𝜓𝑘𝑘,𝑗𝑗𝑘𝑘−1

�
𝑡𝑡𝑘𝑘,𝑗𝑗𝑘𝑘−1
∗

𝛾𝛾𝑘𝑘
+1�

= 𝜆𝜆. These 

conditions imply that pursuing the activity in another, th
kj  episode provides greater marginal utility than spending an additional 

unit of time in ( 1)th
kj −  episode. 
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Some behavioral reasons for why the individual might be better off conducting an activity 

over multiple episodes than continuing the same activity for a long duration are: (1) the rate of 

satiation for certain activities might be high, perhaps because the activities involve physical 

exertion, (2) basic physiological and other needs of a person are better met via splitting certain 

activities into multiple episodes of short duration than conducting all episodes at a time (for 

example, one cannot eat all three meals of a day at a single instance), and (3) some activities can 

be completed within a short duration (for example, pickup/drop-off activities do not typically 

involve long duration, but those who undertake such activities tend to do multiple short-duration 

episodes of them). Of course, for other types of activities such as socialization, the individual might 

be better off pursuing them for a longer duration than splitting them into several activities. This is 

perhaps because such activities are associated with a slower rate of satiation and might involve 

multiple individuals making it difficult to conduct multiple episodes in a single day. 

In addition to the above-mentioned behavioral reasons, the proliferation of Information and 

Communications Technology (ICT) has increased the likelihood of individuals participating in 

multiple short episodes (i.e., activity fragmentation), as opposed to a single long episode, of some 

activities. This is because ICT allows flexibility to undertake some activities at multiple locations 

and times-of-day, which were previously tied to a fixed location and time window (Couclelis, 

2003; Ben-Elia et al., 2014). In this context, Pudāne et al. (2018) analysed activity fragmentation 

by introducing penalties in the utility function to avoid the occurrence of unreasonably high 

number of activity fragments. In a conceptually similar manner, the proposed approach in this 

paper allows multiple episodes of a same activity while accommodating such penalties through the 

non-increasing order on the baseline preference parameters to prevent the occurrence of too many 

episodes. Another consideration in this regard is that activity fragmentation can result in greater 

overall time spent in an activity than a situation where the activity is undertaken in a single episode. 

This may be because restarting an activity requires some additional time to get back to the stage 

where it was left off (Pawlak et al., 2017), or because a new episode of an activity helps restart the 

activity at a higher marginal utility than continuing the prior episode. The proposed model can 

potentially accommodate such nuances since a new episode of an activity is associated with a 

higher baseline marginal utility than that at the point where the prior episode finished.  

Finally, it is worth noting that the proposed utility maximization formulation with ordering 

conditions in Equation (9) is not mathematically equivalent to another formulation of the utility 
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maximization model with explicit constraints of Equation (8) on time allocations. This is because 

the non-increasing order on the baseline utility parameters is derived from the property that the 

baseline preference parameter of a chosen activity-episode should be greater than that of a non-

chosen activity-episode. Replacing the ordering conditions in Equation (9) with the constraints in 

Equation (8) does not ensure that the baseline preference of a chosen activity-episode is greater 

than that of a non-chosen activity episode. However, the proposed approach with ordering 

conditions is much easier than the formulation with explicit constraints on time allocations as the 

latter entails mixed-integer programs that are not easy to solve for estimation and application. 

Besides, the ordering conditions in Equation (9) on the baseline preference parameters of different 

episodes of an activity can be supported based on the intuition that individuals spend more time in 

an episode with a higher preference. 

2.3.4 Derivation of the likelihood expression for the MDCEV-OP model 

Suppressing the index 𝑞𝑞 for the individual for ease in notation, rewrite the KKT conditions in 

Equations (4), (5), and (6) as: 

(a) For chosen episodes of chosen activities (𝑚𝑚, 𝑖𝑖𝑚𝑚) other than outside good, 

𝜓𝜓𝑚𝑚,𝑖𝑖𝑚𝑚

�
𝑡𝑡𝑚𝑚,𝑖𝑖𝑚𝑚
∗

𝛾𝛾𝑚𝑚
+ 1�

−  𝜆𝜆 = 0 ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1}, 𝑖𝑖𝑚𝑚 ∈ 𝕀𝕀𝕞𝕞  (10) 

(b) For non-chosen episodes of the chosen activities (𝑚𝑚, 𝑖𝑖′𝑚𝑚), which have zero time 
allocation, 

𝜓𝜓𝑚𝑚,𝑖𝑖′𝑚𝑚

�
𝑡𝑡𝑚𝑚,𝑖𝑖′𝑚𝑚
∗

𝛾𝛾𝑚𝑚
+ 1�

−  𝜆𝜆 < 0 ⇒  𝜓𝜓𝑚𝑚,𝑖𝑖′𝑚𝑚 < 𝜆𝜆 ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1}, 𝑖𝑖′𝑚𝑚 ∈ 𝕀𝕀𝕞𝕞′  
(11) 

(c) For episodes of non-chosen activities (𝑚𝑚′, 𝑖𝑖′𝑚𝑚′), all of which have zero time allocation, 

 
𝜓𝜓𝑚𝑚′,𝑖𝑖′𝑚𝑚′

�
𝑡𝑡𝑚𝑚′𝑖𝑖′𝑚𝑚′
∗

𝛾𝛾𝑚𝑚′
+ 1�

−  𝜆𝜆 < 0 ⇒  𝜓𝜓𝑚𝑚′,𝑖𝑖′𝑚𝑚′ < 𝜆𝜆 ∀ 𝑚𝑚′ ∈ 𝕄𝕄′, 𝑖𝑖′𝑚𝑚′ ∈ 𝕀𝕀𝕞𝕞′ 
′    

(12) 

(d) For the outside good,  

𝜓𝜓1
𝑡𝑡1∗

=  𝜆𝜆    (13) 
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Next, the ordering conditions in Equation (9) are expressed for different activity episode pairs, as 

below: 

(e) For the chosen episodes of chosen activities other than outside good, 

𝜓𝜓𝑚𝑚,𝑖𝑖𝑚𝑚 > 𝜓𝜓𝑚𝑚,𝑖𝑖𝑚𝑚+1 ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1}, 𝑖𝑖𝑚𝑚 ∈ 𝕀𝕀𝕞𝕞\{𝐼𝐼𝑚𝑚} (14) 

(f) For the 𝐼𝐼𝑚𝑚𝑡𝑡ℎ chosen episode of every chosen activity (except outside good) and the next, 

non-chosen (𝐼𝐼𝑚𝑚+1
𝑡𝑡ℎ ) episode of that activity,  

𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚 > 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚+1∀ 𝑚𝑚 ∈ 𝕄𝕄\{1} (15) 

(g) For the non-chosen episodes of chosen activities other than outside good, 

𝜓𝜓𝑚𝑚,𝑖𝑖′𝑚𝑚 > 𝜓𝜓𝑚𝑚,𝑖𝑖′𝑚𝑚+1 ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1}, 𝑖𝑖′𝑚𝑚 ∈ 𝕀𝕀𝕞𝕞′ \{𝐽𝐽𝑚𝑚} (16) 

(h) For the episodes of non-chosen activities (𝑚𝑚′, 𝑖𝑖′𝑚𝑚), all of which have zero time-allocation, 

𝜓𝜓𝑚𝑚′,𝑖𝑖′𝑚𝑚′ > 𝜓𝜓𝑚𝑚′,𝑖𝑖′𝑚𝑚′+1 ∀ 𝑚𝑚′ ∈ 𝕄𝕄′, 𝑖𝑖′𝑚𝑚′ ∈ 𝕀𝕀𝕞𝕞′ 
′ \{𝐽𝐽𝑚𝑚′}    (17) 

Without loss of generality, let the first 𝑀𝑀 of the 𝐾𝐾 activities be the chosen activities, 

including the outside good. For each chosen activity other than the outside good (i.e., 𝑚𝑚 ∈ 𝕄𝕄\{1}), 

let the first 𝐼𝐼𝑚𝑚 episodes be the chosen episodes. The likelihood that 𝑡𝑡1∗ time is allotted to the outside 

good, 𝑡𝑡𝑚𝑚,𝑖𝑖𝑚𝑚
∗  amount of time is allotted to each of the chosen episodes of chosen activities, and zero 

time allocated to all other episodes is given by:  

ℒ�𝑡𝑡1∗, . . , (𝑡𝑡𝑚𝑚,1
∗ , 𝑡𝑡𝑚𝑚,2

∗ , . . , 𝑡𝑡𝑚𝑚,𝐼𝐼𝑚𝑚
∗ �, . . , (𝑡𝑡𝑀𝑀,1

∗ , . . , 𝑡𝑡𝑀𝑀,𝐼𝐼𝑀𝑀
∗ ),0, . . ,0}

=  ℒ(𝐾𝐾𝐾𝐾𝑇𝑇 𝑐𝑐𝑐𝑐𝑙𝑙𝑐𝑐𝑖𝑖𝑡𝑡𝑖𝑖𝑐𝑐𝑙𝑙𝑐𝑐|𝑂𝑂𝑟𝑟𝑐𝑐𝑟𝑟𝑟𝑟𝑖𝑖𝑙𝑙𝑟𝑟 𝑐𝑐𝑐𝑐𝑙𝑙𝑐𝑐𝑖𝑖𝑡𝑡𝑖𝑖𝑐𝑐𝑙𝑙𝑐𝑐) 
   (18) 

In the above equation, ℒ(𝐾𝐾𝐾𝐾𝑇𝑇 𝑐𝑐𝑐𝑐𝑙𝑙𝑐𝑐𝑖𝑖𝑡𝑡𝑖𝑖𝑐𝑐𝑙𝑙𝑐𝑐|𝑂𝑂𝑟𝑟𝑐𝑐𝑟𝑟𝑟𝑟𝑖𝑖𝑙𝑙𝑟𝑟 𝑐𝑐𝑐𝑐𝑙𝑙𝑐𝑐𝑖𝑖𝑡𝑡𝑖𝑖𝑐𝑐𝑙𝑙𝑐𝑐) is the conditional likelihood 

of the KKT conditions in Equations (10) through (13) conditioned on the ordering conditions in 

Equations (14) through (17).  

Now, we expand the conditional likelihood ℒ(𝐾𝐾𝐾𝐾𝑇𝑇 𝑐𝑐𝑐𝑐𝑙𝑙𝑐𝑐𝑖𝑖𝑡𝑡𝑖𝑖𝑐𝑐𝑙𝑙𝑐𝑐|𝑂𝑂𝑟𝑟𝑐𝑐𝑟𝑟𝑟𝑟𝑖𝑖𝑙𝑙𝑟𝑟 𝑐𝑐𝑐𝑐𝑙𝑙𝑐𝑐𝑖𝑖𝑡𝑡𝑖𝑖𝑐𝑐𝑙𝑙𝑐𝑐). 

To do so, we first rewrite it as: 

ℒ(𝐾𝐾𝐾𝐾𝑇𝑇 𝑐𝑐𝑐𝑐𝑙𝑙𝑐𝑐𝑖𝑖𝑡𝑡𝑖𝑖𝑐𝑐𝑙𝑙𝑐𝑐|𝑂𝑂𝑟𝑟𝑐𝑐𝑟𝑟𝑟𝑟𝑖𝑖𝑙𝑙𝑟𝑟 𝑐𝑐𝑐𝑐𝑙𝑙𝑐𝑐𝑖𝑖𝑡𝑡𝑖𝑖𝑐𝑐𝑙𝑙𝑐𝑐)

=  
ℒ(𝐾𝐾𝐾𝐾𝑇𝑇 𝑐𝑐𝑐𝑐𝑙𝑙𝑐𝑐𝑖𝑖𝑡𝑡𝑖𝑖𝑐𝑐𝑙𝑙𝑐𝑐 𝑨𝑨𝑨𝑨𝑨𝑨 𝑂𝑂𝑟𝑟𝑐𝑐𝑟𝑟𝑟𝑟𝑖𝑖𝑙𝑙𝑟𝑟 𝑐𝑐𝑐𝑐𝑙𝑙𝑐𝑐𝑖𝑖𝑡𝑡𝑖𝑖𝑐𝑐𝑙𝑙𝑐𝑐)

ℒ(𝑂𝑂𝑟𝑟𝑐𝑐𝑟𝑟𝑟𝑟𝑖𝑖𝑙𝑙𝑟𝑟 𝑐𝑐𝑐𝑐𝑙𝑙𝑐𝑐𝑖𝑖𝑡𝑡𝑖𝑖𝑐𝑐𝑙𝑙𝑐𝑐)
 

   (19) 
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The numerator in the above expression requires one to eliminate any redundancies between the 

KKT conditions in Equations (10) through (13) and the ordering conditions in Equations (14) 

through (17). After eliminating the redundancies (see Appendix A for details on removing the 

redundancies), the conditional likelihood in Equation (19) may be written as:  

ℒ�𝑡𝑡1∗, . . , (𝑡𝑡𝑚𝑚,1
∗ , 𝑡𝑡𝑚𝑚,2

∗ , . . , 𝑡𝑡𝑚𝑚,𝐼𝐼𝑚𝑚
∗ �, . . , (𝑡𝑡𝑀𝑀,1

∗ , . . , 𝑡𝑡𝑀𝑀,𝐼𝐼𝑀𝑀
∗ ),0, . . ,0}

=  

ℒ

⎝

⎜
⎜
⎜
⎜
⎛

 
𝜓𝜓𝑚𝑚,𝑖𝑖𝑚𝑚

�
𝑡𝑡𝑚𝑚,𝑖𝑖𝑚𝑚
∗

𝛾𝛾𝑚𝑚
+ 1�

 = 𝜓𝜓1
𝑡𝑡1∗

 ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1}, 𝑖𝑖𝑚𝑚 ∈ 𝕀𝕀𝕞𝕞 ,

�𝜓𝜓1𝑡𝑡1∗
> 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚+1 > 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚+2 … > 𝜓𝜓𝑚𝑚,𝐽𝐽𝑚𝑚�  ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1},

�𝜓𝜓1𝑡𝑡1∗
> 𝜓𝜓𝑚𝑚′,1 > 𝜓𝜓𝑚𝑚′,2 > ⋯ > 𝜓𝜓𝑚𝑚′,𝐽𝐽𝑚𝑚′� ∀ 𝑚𝑚′ ∈ 𝕄𝕄′

⎠

⎟
⎟
⎟
⎟
⎞

ℒ�𝜓𝜓𝑞𝑞,1 > 𝜓𝜓𝑞𝑞,2 > ⋯ > 𝜓𝜓𝑞𝑞,𝑗𝑗𝑘𝑘 … > 𝜓𝜓𝑞𝑞,𝐽𝐽𝑘𝑘� ∀ 𝑘𝑘 ∈ 𝕂𝕂\{1}
 

(20) 

 Next, assuming the stochastic terms 𝜀𝜀𝑞𝑞,𝑗𝑗𝑘𝑘 to be iid-Gumbel distributed 

(𝜀𝜀𝑞𝑞,𝑗𝑗𝑘𝑘~ 𝑖𝑖𝑖𝑖𝑐𝑐 𝐺𝐺𝐺𝐺𝑚𝑚𝐺𝐺𝑟𝑟𝑙𝑙(0, 𝜇𝜇)) after tedious integration one can arrive at the following closed-form 

likelihood expression for the observed episode-level time allocations5: 

ℒ�𝑡𝑡1∗, . . , (𝑡𝑡𝑚𝑚,1
∗ , 𝑡𝑡𝑚𝑚,2

∗ , . . , 𝑡𝑡𝑚𝑚,𝐼𝐼𝑚𝑚
∗ �, . . , (𝑡𝑡𝑀𝑀,1

∗ , . . , 𝑡𝑡𝑀𝑀,𝐼𝐼𝑀𝑀
∗ ),0, . . ,0} 

= |𝐽𝐽| 𝜇𝜇𝛿𝛿−1(𝛿𝛿 − 1)!

×
∏ ∏ exp �𝜇𝜇 𝑉𝑉𝑚𝑚,𝑖𝑖𝑚𝑚�

𝐼𝐼𝑚𝑚
𝑖𝑖𝑚𝑚=1

𝑀𝑀
𝑚𝑚=1

∏ ∏ �
exp (𝜇𝜇𝑉𝑉�𝑞𝑞,𝑗𝑗𝑘𝑘)

∑ exp (𝜇𝜇𝑉𝑉�𝑞𝑞,𝑠𝑠)𝐽𝐽𝑘𝑘
𝑠𝑠=𝑗𝑗𝑘𝑘

� ∗𝐼𝐼𝑘𝑘
𝑗𝑗𝑘𝑘=1

𝑀𝑀
𝑞𝑞=1 �∑ ∑ exp �𝜇𝜇 𝑉𝑉𝑞𝑞,𝑗𝑗𝑘𝑘�

𝐽𝐽𝑘𝑘
𝑗𝑗𝑘𝑘=1

𝐾𝐾
𝑞𝑞=1 �

𝛿𝛿
 

(21) 

In the above expression, 𝛿𝛿 is the total number of chosen episodes across all activities, 𝑉𝑉𝑞𝑞,𝑗𝑗𝑘𝑘 =

𝛽𝛽′𝑞𝑞,𝑗𝑗𝑘𝑘 𝑧𝑧𝑞𝑞,𝑗𝑗𝑘𝑘 − ln �
𝑡𝑡𝑘𝑘,𝑗𝑗𝑘𝑘
∗

𝛾𝛾𝑘𝑘
+ 1�, 𝑉𝑉1 =  − ln(𝑡𝑡1∗), 𝑉𝑉�𝑞𝑞,𝑗𝑗𝑘𝑘 =  𝛽𝛽′𝑞𝑞,𝑗𝑗𝑘𝑘 𝑧𝑧𝑞𝑞,𝑗𝑗𝑘𝑘, and |𝐽𝐽| is the determinant of the 

Jacobian, as given below:6 

|𝐽𝐽| = �� � �
1

𝑡𝑡𝑚𝑚,𝑖𝑖𝑚𝑚
∗ + 𝛾𝛾𝑚𝑚

�
𝐼𝐼𝑚𝑚

𝑖𝑖𝑚𝑚=1

𝑀𝑀

𝑚𝑚=1

��� ��𝑡𝑡𝑚𝑚,𝑖𝑖𝑚𝑚
∗ + 𝛾𝛾𝑚𝑚�

𝐼𝐼𝑚𝑚

𝑖𝑖𝑚𝑚=1

𝑀𝑀

𝑚𝑚=1

� (22) 

                                                            
5 The detailed derivation of the likelihood expression is available in a supplement document. 
6 The Jacobian here has the same structure as that in the traditional MDCEV model (Bhat, 2005), except that the choice alternatives 
here are activity-episodes. Also, in notation, since the outside good does not have any episodes, 𝐼𝐼1 = 1. 
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It is noteworthy that the above likelihood expression for the MDCEV-OP model is the 

same as the likelihood expression of the disaggregate MDCEV model normalized by the rank-

ordered logit terms for the probability of the baseline marginal utilities �𝜓𝜓𝑞𝑞,𝑗𝑗𝑘𝑘� of the chosen 

activity-episodes being in a non-increasing order for all chosen activities. This is intuitive since 

the ordering of non-chosen activity-episodes should not affect the likelihood of observed data. 

Further, the similarity of the likelihood expression with that of the disaggregate MDCEV model 

makes the estimation of the above formulation not any more difficult than that of the disaggregate 

MDCEV model (coding of the likelihood function is also a simple extension of the MDCEV model 

code). Also, in cases where the observed time allocations across all activities occur in a single 

episode for each activity, the above formulation collapses to the aggregate MDCEV model. This 

follows as 𝛿𝛿 in Equation (21) becomes 𝑀𝑀, the Jacobian becomes that of the aggregate MDCEV 

model, and the rank-ordered logit terms in the denominator simplify to 1. 

2.3.5 A model with different satiation parameters across different episodes of an activity 

Recall that the model formulation so far imposes the satiation parameter (𝛾𝛾𝑞𝑞) to be the same across 

all episodes of the same activity. Let us, for a simple thought experiment, assume that different 

episodes of an activity have different satiation parameters (𝛾𝛾𝑞𝑞,𝑗𝑗𝑘𝑘). Since the KKT conditions imply 

that marginal utilities at optimal consumption are equal for any two chosen activity-episodes 

𝑖𝑖𝑚𝑚 and 𝑗𝑗𝑚𝑚, one can write the following expression for the ratio of their baseline marginal utilities: 

   𝜓𝜓𝑚𝑚,𝑖𝑖𝑚𝑚
𝜓𝜓𝑚𝑚,𝑗𝑗𝑚𝑚

=
�
𝑡𝑡𝑚𝑚,𝑖𝑖𝑚𝑚
∗

𝛾𝛾𝑚𝑚,𝑖𝑖𝑚𝑚
+1�

�
𝑡𝑡𝑚𝑚,𝑗𝑗𝑚𝑚
∗

𝛾𝛾𝑚𝑚,𝑗𝑗𝑚𝑚
+1�

=
𝑡𝑡𝑚𝑚,𝑖𝑖𝑚𝑚
∗ +𝛾𝛾𝑚𝑚,𝑖𝑖𝑚𝑚
𝑡𝑡𝑚𝑚,𝑗𝑗𝑚𝑚
∗ +𝛾𝛾𝑚𝑚,𝑗𝑗𝑚𝑚

∗ 𝛾𝛾𝑚𝑚𝑗𝑗𝑚𝑚
𝛾𝛾𝑚𝑚𝑖𝑖𝑚𝑚

∀ 𝑚𝑚 ∈ 𝕄𝕄\{1} & ∀ 𝑖𝑖𝑚𝑚 , 𝑗𝑗𝑚𝑚 ∈ 𝕀𝕀𝕞𝕞 ∶   𝑖𝑖𝑚𝑚 <  𝑗𝑗𝑚𝑚 (23) 

From the setup in the above expression, 𝑖𝑖𝑚𝑚 <  𝑗𝑗𝑚𝑚 or 𝑡𝑡𝑚𝑚,𝑖𝑖𝑚𝑚
∗ > 𝑡𝑡𝑚𝑚,𝑗𝑗𝑚𝑚

∗  implies that 𝜓𝜓𝑚𝑚,𝑖𝑖𝑚𝑚 > 𝜓𝜓𝑚𝑚,𝑗𝑗𝑚𝑚. 

To ensure this ordering in baseline marginal utilities, the ratio of �
𝑡𝑡𝑚𝑚,𝑖𝑖𝑚𝑚
∗

𝛾𝛾𝑚𝑚,𝑖𝑖𝑚𝑚
+ 1� to �

𝑡𝑡𝑚𝑚,𝑗𝑗𝑚𝑚
∗

𝛾𝛾𝑚𝑚,𝑗𝑗𝑚𝑚
+ 1� in the 

above equation must be greater than 1. This implies that 𝛾𝛾𝑚𝑚𝑖𝑖𝑚𝑚
𝛾𝛾𝑚𝑚𝑗𝑗𝑚𝑚

 must be less than 
𝑡𝑡𝑚𝑚,𝑖𝑖𝑚𝑚
∗

𝑡𝑡𝑚𝑚,𝑗𝑗𝑚𝑚
∗ . However, 

the inequality 𝛾𝛾𝑚𝑚𝑖𝑖𝑚𝑚
𝛾𝛾𝑚𝑚𝑗𝑗𝑚𝑚

<
𝑡𝑡𝑚𝑚,𝑖𝑖𝑚𝑚
∗

𝑡𝑡𝑚𝑚,𝑗𝑗𝑚𝑚
∗   might not hold for all observations if we allow 𝛾𝛾𝑚𝑚𝑖𝑖𝑚𝑚 to be different 

from 𝛾𝛾𝑚𝑚𝑗𝑗𝑚𝑚 (particularly, when 𝛾𝛾𝑚𝑚𝑖𝑖𝑚𝑚 > 𝛾𝛾𝑚𝑚𝑗𝑗𝑚𝑚), which might cause estimation problems. A 

straightforward way to ensure this is to set 𝛾𝛾𝑚𝑚𝑖𝑖𝑚𝑚 = 𝛾𝛾𝑚𝑚𝑗𝑗𝑚𝑚, an innocuous assumption (see discussion 

in Section 2.2) to circumvent difficulties in parameter estimation. 
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2.3.6 Forecasting procedure for the proposed MDCEV-OP model 

To apply the proposed model for prediction, we proposed a modification to the forecasting 

procedure proposed by Pinjari and Bhat (2021). Specifically, the procedure of Pinjari and Bhat 

(2021) is employed with an accept-reject method such that only the baseline marginal utilities that 

follow the ordering conditions in Equation (9) are used in predictions. This is because the baseline 

marginal utility parameters influencing the occurrence of each episode of an activity k are right 

truncated by that of the previous episode (because we are conditioning on the inequality that 

𝜓𝜓𝑘𝑘,𝑗𝑗𝑘𝑘 ≥ 𝜓𝜓𝑘𝑘,(𝑗𝑗𝑘𝑘+1)). The procedure is outlined below for the sake of completion. 

Step 1: Let the number of chosen alternatives be 1, i.e., 𝛿𝛿 =1. 

Step 2: For each activity 𝑘𝑘, draw the stochastic terms (𝜀𝜀𝑘𝑘,𝑗𝑗𝑘𝑘) for all activity-episode alternatives 

available to the individual. Using these stochastic terms, model parameters and data 

on observed covariates, compute baseline marginal utilities (𝜓𝜓𝑘𝑘,𝑗𝑗𝑘𝑘) for all activity-

episode alternatives. 

Step 3: For each activity 𝑘𝑘, until the baseline marginal utilities (𝜓𝜓𝑘𝑘,𝑗𝑗𝑘𝑘) of the episodes are in a 

non-increasing order given in Equation (9), reject the draws of 𝜀𝜀𝑘𝑘,𝑗𝑗𝑘𝑘 for all episodes of 

that activity. Go back to Step 2 for those activities which the ordering is not satisfied. 

Go to Step 4 if the 𝜓𝜓𝑘𝑘,𝑗𝑗𝑘𝑘 parameters are in non-increasing order for all activities. 

Step 4: Arrange the baseline marginal utilities of all activity-episodes (of all activities) in their 

decreasing order, starting with the outside good in the first place.  

Step 5: Compute Lagrange multiplier (𝜆𝜆), using KKT conditions as in Pinjari and Bhat (2021). 

Step 6: If 𝜆𝜆 > 𝜓𝜓𝛿𝛿+1, compute optimal consumptions of the first 𝛿𝛿 alternatives (i.e., activity- 

episodes) using the corresponding KKT conditions. Set all other consumptions to 0 

and stop. 

Else, go to step 7. 

Step 7: 𝛿𝛿 = 𝛿𝛿 + 1.  

If 𝛿𝛿 =  ∑ ∑ 1𝐽𝐽k
𝑗𝑗𝑘𝑘=1

𝐾𝐾
𝑘𝑘=1 , compute optimal consumptions for all alternatives and stop.  

Else, go to step 5. 
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In steps 2 and 3 of the above procedure, note that only the error term draws of those 

activity-types for which the baseline marginals are not in a non-increasing order are rejected and 

redrawn (while retaining the draws of other activities for which the ordering condition is satisfied). 

This approach is valid if the baseline preferences across different activities are not correlated. 

Further, the computational efficiency of the proposed algorithm depends on the maximum number 

of episodes observed in the data. The approach works well (i.e., computationally fast) if the 

maximum possible number of episodes is not large. Future research efforts should focus on 

developing more efficient algorithms for situations with a large number of episodes of an activity 

and for situations with correlated baseline marginal utility parameters.7 

3. EMPIRICAL APPLICATION 
3.1. Empirical Data 

The data for this analysis is drawn from the 2013 regional Household Travel Survey conducted by 

the Southern California Association of Governments (SCAG) in the Los Angeles region of 

California. The data was extensively cleaned for missing information, and the final sample had 

time-use information for 2936 non-working adults. The out-of-home (OH) activities in the survey 

data were classified into one of the following eight types: 1) Escorting (pick-up and drop-off 

activities), 2) Shopping (buying household goods), 3) Maintenance (include family obligations 

such as visiting a bank, post office, etc.), 4) Social (social/civic event, religious activity, etc.), 5) 

Entertainment (cinema, sports event, etc.), 6)  Active recreation (yoga, sports, or other physical 

activity), 7) Visiting family and friends, and 8) Eat-out. The data was used to extract time use 

information for each of these OH activities at an episode level, i.e., time spent on each of these 

activities at each instance of occurrence on a typical weekday. The episodes for each of the eight 

OH activities were numbered based on the decreasing order of their duration (and not in the 

chronology of their occurrence). The maximum number of episodes observed for each of these 

activities varied from two episodes for entertainment and eat-out to as high as six episodes for 

maintenance and shopping activities. The details of activity-episode participation rates and their 

time investments are presented in Table 2. The total budget considered in the analysis is 1080 

minutes for every individual, which is obtained after subtracting 6 hours of time for minimum 

                                                            
7  In our empirical analysis presented in Section 3 (with 9 activity-types, and up to 6 episodes for 2 activity-types), the proposed 
algorithm took less than 3 minutes for 200 individuals (with 50 repetitions of error draws for each individual) on a typical desktop 
computer of 8GB RAM and 4.0 GHz quadcore processor. 
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needed sleep and subsistence activities at home. The time remaining from these 1080 minutes after 

subtracting the time allocated to the OH activities was treated as the ‘outside good’. 

Table 2. Participation rates and time-investment in the sample data (N = 2936 non-workers). 

 

Activity-level 
participation 

Episode-level participation (% of individuals 
participating in at least these no. of episodes) 

Average time 
allocation, if non-

zero (minutes) 

Activity purpose 

% of individuals 
participating        
in the activity 

1 or 
more 

2 or 
more 

3 or 
more 

4 or 
more 

5 or 
more 6 Episode-

level 
Activity-

level 

   Escorting 28.2 28.2 18.4 7.1 4.2 -- -- 11.6 23.8 

   Shopping 46.9 46.9 13.6 4.3 1.3 0.4 0.1 43.8 62.2 

   Maintenance 40.9 40.9 12.9 4.1 1.1 0.3 0.1 51.4 74.5 

  Social 7.6 7.6 0.8 0.2 -- -- -- 123.2 139.2 

  Entertainment 6.3 6.3 0.3 -- -- -- -- 157.4 164.3 

  Visit family/friends 18.5 18.5 3.3 0.7 0.1 -- -- 138.8 169.5 

  Active Recreation 17.6 17.6 1.9 0.2 -- -- -- 99.5 107.8 

  Eat-out 19.3 19.3 1.5 -- -- -- -- 69.1 74.4 

The first numeric column in Table 2 gives the percentage of individuals in the data 

participating in the row activity (regardless of the number of episodes of that activity they 

participated in). The next set of columns gives the percentage of individuals who participated in 

that episode or more episodes of the activity. It can be observed from the data that for every 

activity, any higher-numbered episode has not occurred without all the lower-numbered episodes 

(because left side columns have greater percentages of individuals than right side columns). One 

can also simply subtract the percentage participation in one column from that in the immediately 

following column to get the percentage of individuals participating in only the number of episodes 

until that column. For example, for escorting activity, the percentage of individuals participating 

in only first and second episodes is 11.3 (18.4 – 7.1). Note that this percentage is greater than those 

participating in only one escorting episode, which is 9.8 (28.2 –18.4). We verified in the simulation 

experiments (see Appendix B) that the proposed model can accommodate these types of 

differences in activity participation rates across different episodes of an activity. The last two 

columns report average time allocations in each of the row-activity at both activity level and 

episode level for individuals who participated in the row activity. As expected, average time spent 

in escorting episodes is the lowest amongst all the activities. The highest average time allocation 

is to entertainment (157 minutes) at an episode level and to visiting friends and family at the 

activity level (169 minutes).  
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3.2.  Estimation results 

The MDCEV-OP model was estimated with a sample of 2736 non-workers. In addition to the 

MDCEV-OP model, a disaggregate MDCEV model and an aggregate MDCEV model were 

estimated on the same sample. The model estimation results for the proposed MDCEV-OP model 

and the disaggregate MDCEV model are reported in Tables 3a, 3b, and 3c. Estimation results of 

the aggregate MDCEV model are not reported to conserve space, but a comparison of the 

prediction performance of all three models is provided later. 

The final empirical specifications reported in these tables were carefully built by 

systematically including explanatory variables one after the other and dropping statistically 

insignificant parameters while retaining those that offered an intuitive interpretation as long as the 

t-statistic was greater than 1. The estimation of the proposed model with 31 alternatives took about 

80 minutes for the final empirical specification with 55 parameters (on a desktop machine with a 

configuration of 8GB RAM and 4.0 GHz quadcore processor). The estimation routine we wrote 

did not include an explicitly coded analytical gradient, doing which would reduce the estimation 

run time. The estimation of the disaggregate MDCEV model took about 60 minutes for a similar 

empirical specification.  

3.2.1. Baseline preference constants and scale parameters 

The baseline preference constants are estimated for each activity-episode except the outside good 

(which serves as the base category) for both the models. The constants are specified such that the 

constant corresponding to the first episode of each activity is interpreted as the “activity-level 

constant” (since it enters the baseline utility of all episodes of that activity). This constant for a 

given activity may be interpreted as the aggregate influence of unobserved factors on the likelihood 

of taking part in one or more episodes of this activity. The subsequent constants (referred to as 

“episode-specific constants” in the subsequent discussion) for each episode of an activity capture 

the differential influence for that episode with respect to the “activity-level” constant. For example, 

from Table 3a, the baseline preference constant for the third episode of escorting activity is -7.32 

for the MDCEV-OP model, which is the sum of the corresponding activity-level constant (-7.60) 

and the episode-specific constant for the third episode (0.28). Similarly, for the disaggregate 

MDCEV model, the baseline preference constant for the third episode of escorting activity is -7.85 

(i.e., -7.26 + (-0.59) = -7.85). 
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 Recall that a crucial difference between the two models is that the baseline utility 

parameters across different episodes of an activity are conditioned to be in non-increasing order 

for the MDCEV-OP model, which is not explicitly done in the disaggregate MDCEV model. 

Because of this property, the overall baseline preferences in the MDCEV-OP model are always in 

a decreasing order across the different episodes of an activity, even if the episode-specific 

constants are zero or positive. Therefore, it is important to note that a positive sign on episode-

specific constant does not necessarily imply a higher preference for that episode (this was verified 

in the simulation experiment as well). The same ordering condition also obviates the need for 

estimating each episode-specific constant in the MDCEV-OP model. This is also a reason why not 

many episode-specific constants were estimated in the MDCEV-OP model (they turned out to be 

statistically insignificant), keeping the model parsimonious in terms of the number of parameters.8  

 Since the above property is not explicitly accommodated in the disaggregate MDCEV 

model, its episode-specific constants for any activity are all negative and in the decreasing order 

from the second episode to the last possible episode, such that the baseline preference constants 

across episodes are in the decreasing order. This is simply reflective of the fact that the 

participation rates across episodes are in the decreasing order (i.e., observed data would not have 

situations where individuals take part in the third episode without doing the first two episodes). 

This is also a reflection of the large number of empirical parameters needed to capture such a trend 

in the data without an explicit ordering in the baseline utilities across different episodes of an 

activity. Yet, when the disaggregate MDCEV model is applied to situations outside the estimation 

sample, there is no guarantee of logical order in predicted episodes. 

Note that the baseline preference constants do not have a substantive interpretation because 

of the influence of differences in scales of the continuous explanatory variables in the model and 

the measurement errors therein. However, all the activity-level constants are negative in the 

MDCEV-OP model (which makes sense since the base case is outside good which has 100% 

participation rate). The same trend is observed in the disaggregate MDCEV model. 

                                                            
8 It is worth noting here that the parsimonious nature is not merely due to the statistical insignificance of episode-specific constants 
in the MDCEV-OP model. Specifically, the episode-specific constants are not necessary for the MDCEV-OP model for it to be 
theoretically correct (because of the inherent ordering of the baseline marginal utilities); whereas they are required for the 
disaggregate MDCEV model. Of course, if the analyst can estimate episode-specific constants, they may be retained in the empirical 
specification of the MDCEV-OP model. However, as can be observed from the empirical results, the number of episode-specific 
constants in the proposed MDCEV-OP model is much less than those in the disaggregate MDCEV model. 
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Table 3a. Estimation results: Baseline preference constants and scale parameter 
 

 

Episodes 
Activity-level 

(i.e., 1 or 
more 

episodes) 

2 3 4 5 6 

MDCEV-OP model 

Escorting -7.60 
(-135.67) - 0.28 

(2.50) - NA NA 

Shopping -7.49 
(-122.49) - - 0.39 

(3.53) - - 

Maintenance -7.49 
(-122.49) - - 0.70 

(6.50) - - 

Social -7.80 
(-292.84) - - NA NA NA 

Entertainment -7.88 
(-198.00) - NA NA NA NA 

Visiting family and friends -8.11 
(-40.25) - 0.90 

(3.95) - NA NA 

Active recreation -7.66 
(-299.31) - - NA NA NA 

Eat-out -7.44 
(-105.33) - NA NA NA NA 

Scale parameter 0.29# 

(131.48) 

Disaggregate MDCEV model 

Escorting -7.26 
(-264.01) 

-0.17 
(-4.92) 

-0.59 
(-9.30) 

-0.83 
(10.18) NA NA 

Shopping -6.83 
(-402.76) 

-0.46 
(-17.33) 

-0.83 
(19.36) 

-1.23 
(15.58) 

-1.56 
(10.15) 

-1.91 
(9.24) 

Maintenance -6.88 
(-370.01) 

-0.39 
(-12.82) 

-0.80 
(-18.30) 

-1.27 
(-13.57) 

-1.60 
(-8.17) 

-1.82 
(7.76) 

Social -7.54 
(-206.43) 

-0.71 
(-7.13) 

-1.05 
(-6.95) NA NA NA 

Entertainment -7.73 
(-156.66) 

-0.86 
(-6.17) NA NA NA NA 

Visiting family and friends -7.22 
(-296.80) 

-0.56 
(-10.82) 

-1.04 
(10.32) 

-1.61 
(-6.64) NA NA 

Active recreation -7.37 
(-228.91) 

-0.76 
(-12.03) 

-0.67 
(-4.01) NA NA NA 

Eat-out -7.25 
(-255.33) 

-0.91 
(-8.27) NA NA NA NA 

Scale parameter   0.31# 

(107.81)    

-: Insignificant. NA: Not applicable 

# The scale parameter reported here is ( 1 )σ µ= . The t-statistic was computed against 1. 

The scale parameter of the error term in the baseline preference parameter was also 

estimated for all the three models estimated in the study. The estimated scale parameter was 

significantly different from 1 and improved the models’ statistical fit substantially (as compared 

to models with the scale fixed to 1). In addition to improvement in statistical fit, the scale parameter 

improved the predictive performance significantly. 
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3.2.2. Individual- and household-specific effects 

The effects of individual- and household-specific variables on time-use decisions are reported in 

Table 3b. The parameter estimates in the MDCEV-OP model indicate that women are more likely 

to participate in escorting and shopping activities whereas men are more likely to participate in 

active recreation. This is reflective of the traditional gender roles where women take greater 

responsibility in household activities (Calastri et al., 2017; Pinjari et al., 2016; Astroza et al., 

2018). Interestingly, females are more likely to participate in socialization and visiting friends and 

family, which may be because women are more sociable and family-oriented than men (Kapur & 

Bhat, 2007; Siegling et al., 2012). However, we did not find differences in participation in 

maintenance, entertainment, and eat-out activities between males and females. Interestingly, other 

individual-specific variables such as age did not show statistically significant influence on time-

use decisions in either the MDCEV-OP or the disaggregate MDCEV model. 

The next set of covariates correspond to household-specific variables. Among these, the number 

of pre-school children in the household had a negative influence on the participation of all out-of-

home activities, except escorting and active recreation. This result is reflective of the additional 

childcare responsibilities in households with young children (Bernardo et al., 2015). In the context 

of escorting activities, as expected, the MDCEV-OP model suggests that more pre-school children 

in the household are a reason for a higher number of escorting episodes; perhaps for child daycare 

pickup and/or drop-off purposes. Interestingly, the activity-specific parameter was insignificant 

for escorting activity, while the episode-specific parameters were significant and positive for the 

MDCEV-OP model. However, one should not infer that participation in escorting is not influenced 

by the number of children in the household. Since the episode-specific parameters for the second, 

third, and fourth episodes are significant (and positive) for escorting, it implies that an increase in 

the number of children increases the likelihood of a greater number of escorting episodes, which 

increases the participation in the first episode (or activity participation) as well. This is because of 

the condition that any higher-numbered episode cannot occur without all the lower-numbered 

episodes. However, for the disaggregate MDCEV model, only the activity-specific parameter was 

positive and significant, and the episode-specific coefficients were insignificant. This implies that 

the disaggregate MDCEV model does not show any differential effect of the number of pre-school 

children across different episodes of escorting. In this context, the MDCEV-OP model offers a 
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more plausible interpretation that households with more pre-school children are more likely to 

perform a greater number of escorting episodes. 

Table 3b. Estimation results: Effect of individual- and household-specific variables 
 Male (Base case: Female) Number of pre-school children 

 

Episodes Episodes 

Activity-
level 2nd 3rd 4th 5th 6th Activity-

level 2nd 3rd 4th 5th 6th 

MDCEV-OP model 

Escorting -0.13 
(-7.70) - - - NA NA - 0.17 

(2.57) 
0.11 

(1.90) 
0.18 

(5.31) NA NA 

Shopping -0.06 
(-3.19) - - - - - -0.09 

(-5.61) - - - - - 

Maintenance - - - - - - -0.09 
(-5.51) - - - - - 

Social -0.08 
(-2.10) - - NA NA NA -0.08 

(-2.23) - - NA NA NA 

Entertainment - - NA NA NA NA -0.07 
(-1.60) - NA NA NA NA 

Visiting 
family/friends 

-0.05 
(-2.06) - - - NA NA -0.05 

(-2.52) - - - NA NA 

Active recreation 0.05 
(1.65) - - NA NA NA - - - NA NA NA 

Eat-out - - NA NA NA NA -0.11 
(-4.03) - NA NA NA NA 

Disaggregate MDCEV model 

Escorting -0.15 
(-9.05) - - - NA NA 0.17 

(13.24) - - - NA NA 

Shopping -0.08 
(-5.32) - - - - - -0.12 

(-6.86) - -0.10 
(-1.12) - - - 

Maintenance - - - - - - -0.11 
(-7.08) - - - - - 

Social -0.08 
(-1.99) - - NA NA NA -0.08 

(-2.29) - - NA NA NA 

Entertainment - - NA NA NA NA -0.07 
(-1.57) - NA NA NA NA 

Visiting 
family/friends 

-0.05 
(-2.20) - - - NA NA -0.06 

(-2.72) - - - NA NA 

Active recreation 0.05 
(1.85) - - NA NA NA - - - NA NA NA 

Eat-out - - NA NA NA NA -0.12 
(-4.38)           

-: Insignificant. NA: Not applicable 
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Table 3b (Contd.). Estimation results: Effect of individual- and household-specific variables 

  Number of children who go to school but cannot drive Annual Income (Base case: Low income (less than $50k)) 
Medium income ($50k-$100k) High income (more than $100k) 

 

Episodes Episodes Episodes 

Activity-
level 2nd 3rd 4th 5th 6th Activity-

level 2nd 3rd 4th 5th 6th Activity-
level 2nd 3rd 4th 5th 6th 

Ordered MDCEV (MDCEV-OP)       
Escorting 0.13 

(5.98) - - 0.16 
(4.80) NA NA 0.02 

(1.41) - - - NA NA 0.09 
(4.24) - - - NA NA 

Shopping -0.03 
(2.86) - - - - - - - - - - - 0.07 

(3.45) - - - - - 

Maintenance -0.06 
(-4.98) - - - - - -0.05 

(-2.53) - - - - - -0.02 
(-1.21) - - - - - 

Social - - - NA NA NA - - - NA NA NA 0.07 
(1.83) - - NA NA NA 

Entertainment - - NA NA NA NA 0.15 
(2.74) - NA NA NA NA 0.22 

(4.08) - NA NA NA NA 

Visiting family and friends -0.06 
(-3.92) - - - NA NA - - - - NA NA - - - - NA NA 

Active recreation -0.03 
(-2.07) - - NA NA NA 0.14 

(4.64) - - NA NA NA - 0.20 
(5.01) - NA NA NA 

Eat-out -0.07 
(-3.34) - NA NA NA NA - 0.10 

(1.75) NA NA NA NA - 0.26 
(4.29) NA NA NA NA 

Disaggregate MDCEV model 

Escorting 0.20 
(16.40) - 0.06 

(1.54) 
0.09 

(1.94) NA NA 0.03 
(1.88) - 0.05 

(1.77) 
0.08 

(1.68) NA NA 0.10 
(4.92) - - - NA NA 

Shopping -0.04 
(-3.86) - - - - - - - - - - - 0.08 

(4.13) - - - - - 

Maintenance -0.06 
(-3.94) 

-0.05 
(1.36) - - - - -0.06 

(-3.86) - - - - - -0.03 
(-1.48) - - - - - 

Social - - - NA NA NA - - - NA NA NA 0.08 
(1.70) - - NA NA NA 

Entertainment - - NA NA NA NA 0.15 
(2.69) - NA NA NA NA 0.25 

(4.15) 
-0.40 

(-1.09) NA NA NA NA 

Visiting family and friends -0.07 
(-4.04) - - - NA NA - - - - NA NA - - - - NA NA 

Active recreation -0.04 
(-2.14) - - NA NA NA 0.14 

(4.85) - - NA NA NA 0.13 
(3.01) 

0.17 
(1.70) - NA NA NA 

Eat-out -0.06 
(-3.08) 

-0.11 
(1.08) NA NA NA NA 0.05 

(1.38) 
0.23 

(1.60) NA NA NA NA 0.18 
(4.89) 

0.33 
(2.56) NA NA NA NA 
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As expected, the number of children in the household who go to school but cannot drive 

reduces the likelihood of participation in shopping, maintenance, active recreation, visiting family 

and friends, and eat-out activities. However, a higher number of school-going children makes 

participation in escorting activities more likely, according to both models. Also, the episode-

specific parameter for the fourth episode was significant and positive for the MDCEV-OP model, 

implying that a greater number of school-going children leads to higher activity participation as 

well as a greater number of escorting episodes. A similar trend was also observed for the 

disaggregate MDCEV model, where along with the activity-specific parameter, episode-specific 

parameters for the third and fourth episodes were positive. 

The last set of variables in the baseline utility functions is related to household income, 

with income less than $50,000 per annum (low-income) as the base category. Individuals from 

medium-income ($50,000 < income < $100,000) and high-income (income > $100,000) 

households are more likely to participate in entertainment, active recreation, and eat-out activities. 

This result can be attributed to higher spending capabilities of medium- and high-income 

households than low-income households. The same effect can be observed for escorting activities, 

where medium and high-income households showed a higher propensity to participate in escorting 

than those from low-income households (He, 2013; Vovsha et al., 2004). On the other hand, 

individuals from low-income households are more likely to participate in maintenance activities 

than those from medium and high-income households.  

In the MDCEV-OP model, specifically for eat-out activity, the activity-specific parameters 

of the medium- and low-income dummy variables are insignificant, but the parameters specific to 

the second episode are significant and positive. As discussed before, this makes medium- and high-

income individuals more likely to participate in eat-out activity and do more episodes of it when 

compared to low-income individuals. The same is true for active recreation activities, specifically 

for high-income individuals. Also, individuals from high-income households are more likely to 

participate in shopping activities. Interestingly, in the disaggregate MDCEV model, the episode-

specific parameter for entertainment corresponding to the second episode is negative, implying 

that high-income individuals are less likely to participate in the second episode of entertainment. 

However, in the MDCEV-OP model, the second episode-specific parameter is statistically 

insignificant; maybe because the ordering condition imposed on baseline utilities of different 

episodes in the model already accounts for this. 
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3.2.3. Satiation parameters 

The satiation parameters are parameterized as 𝛾𝛾𝑘𝑘 = exp (𝜃𝜃𝑘𝑘 ). Table 3c reports the estimates of 𝜃𝜃𝑘𝑘  

from both models. As discussed earlier, for the MDCEV-OP model, the satiation parameters are 

the same across all episodes of an activity, i.e., 𝛾𝛾𝑘𝑘𝑗𝑗𝑘𝑘 = 𝛾𝛾𝑘𝑘 ∀ 𝑘𝑘 = 2,3, … ,𝐾𝐾. In the disaggregate 

MDCEV model, however, a separate satiation parameter is estimated for each activity-episode. 

Ceteris paribus, choice alternatives with higher satiation parameters (𝛾𝛾𝑘𝑘𝑗𝑗𝑘𝑘) are associated with 

lower satiation and, therefore, higher time allocation. 

Table 3c. Estimation results: Translation parameters 

 
Episodes 

Activity-level 2nd 3rd 4th 5th 6th 

MDCEV-OP model 

Escorting 3.19 
(102.32) NA NA NA NA NA 

Shopping 4.89 
(138.87) NA NA NA NA NA 

Maintenance 4.82 
(175.84) NA NA NA NA NA 

Social 6.27 
(52.84) NA NA NA NA NA 

Entertainment 6.70 
(42.00) NA NA NA NA NA 

Visiting family and friends 6.42 
(91.48) NA NA NA NA NA 

Active recreation 5.87 
(74.94) NA NA NA NA NA 

Eat-out 5.47 
(68.86) NA NA NA NA NA 

Disaggregate MDCEV model 

Escorting 3.35# 

(56.55) 
2.69 

(31.01) 
2.40 

(15.50) 
2.08 

(11.03) NA NA 

Shopping 4.74# 

(89.96) 
4.32 

(40.58) 
4.02  

(20.40) 
3.65 

(9.94) - - 

Maintenance 4.90# 

(101.80) 
3.80 

(43.35) 
3.34 

(18.60) 
3.15 

(6.14) 
3.07 

(3.36) - 

Social 6.34# 

(43.97) 
5.47 

(1.54) 
4.16 

(7.42) NA NA NA 

Entertainment 6.73# 

(36.24) 
4.84 

(8.30) NA NA NA NA 

Visiting family and friends 6.53# 

(66.64) 
5.34 

(25.68) 
4.85 

(10.34) - NA NA 

Active recreation 5.84# 

(64.91) 
4.96 

(18.85) 
4.84 

(4.28) NA NA NA 

Eat-out 5.37# 

(60.76) 
4.82 

(16.43) NA NA NA NA 
#Specific to the first episode. -: Insignificant. NA: Not applicable 

Recall from the descriptive statistics of the estimation data that entertainment, visiting 

friends and family, and active recreation have higher time investment while escorting has the 

lowest. This trend is reflected in the satiation parameter estimates of both models. Interestingly, at 
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an aggregate (activity) level, average time allocation is highest for visiting family and friends. 

However, at an episode level, entertainment has the highest allocation. Since our analysis is at an 

episode level, the parameter estimate for entertainment is highest in both models. 

Overall, the effects of exogenous variables on time use captured by both MDCEV and 

MDCEV-OP models are intuitive and behaviorally consistent. In the context of some covariates, 

the MDCEV-OP model offers more plausible interpretations than the MDCEV models. Also, the 

number of parameters needed in the MDCEV-OP model is much smaller than those for the 

disaggregate MDCEV model, making the former more parsimonious than the latter. 

3.3.  Comparison of Model Performance 

3.3.1. Goodness-of-fit measures 

The goodness of fit measures for the three models (i.e., disaggregate MDCEV model, MDCEV-

OP model and aggregate MDCEV model) are presented in Table 4. As can be observed from the 

table, the MDCEV-OP model provides a better fit to data than the disaggregate MDCEV model 

(reflected in the AIC and BIC values). As a supplement to the AIC and BIC measures, we employ 

the Vuong test (Vuong, 1989) to compare the two models. The Vuong test statistic is given by:  

𝐿𝐿𝐿𝐿𝑛𝑛�𝜃𝜃�, 𝛾𝛾��
𝜔𝜔�√𝑛𝑛

~𝑁𝑁(0,1) (24) 

where, 𝐿𝐿𝐿𝐿𝑛𝑛�𝜃𝜃�, 𝛾𝛾�� is the difference in the log-likelihood values of the two competing models 𝐹𝐹�𝜃𝜃�� 

and 𝐺𝐺(𝛾𝛾�), with the former model having a higher log-likelihood value, 𝜔𝜔� is the variance of the 

difference in the individual-level log-likelihood values, and 𝑛𝑛 is the sample size. The test states 

that under the null hypothesis, the two non-nested models 𝐹𝐹�𝜃𝜃�� and 𝐺𝐺(𝛾𝛾�) are equally close to the 

true model (or fit equally well) and the test statistic is asymptotically normal. For the estimation 

sample, the test statistic is 31.43. Since the test statistic is asymptotically normal, and 

(31.430) 0.999Φ >> , there is enough evidence to reject the null hypothesis even at significance 

levels less than 0.001. This result, combined with the AIC and BIC values, suggests that the 

MDCEV-OP model may be preferred over the disaggregate MDCEV model. 

To compare model performance on outside samples, we randomly selected 5 samples, each 

of sample size of 2736 for model estimation, and used the remaining 200 data points to compare 

the performance of different models estimated in the study. The average predictive log-likelihood 

across the 5 outside samples along with the AIC and BIC values are reported in the second set of 



30 
 

rows in Table 4. These measures suggest that the proposed MDCEV-OP model can be preferred 

over the disaggregate MDCEV model. The Vuong test performed on the predictive log-likelihood 

values again rejected the null hypothesis that both MDCEV-OP and disaggregate MDCEV models 

are equally close to the true model. 

Table 4. Goodness of fit measures across the estimation and prediction samples 
 Disaggregate MDCEV MDCEV-OP Aggregate MDCEV 

Data fit measures for the estimation sample  
Number of cases 2736 2736 2736 
Number of parameters 95 55 41 
Null log-likelihood -93183.62 -83438.97 -53323.87 
Log-likelihood (LL) for constants only model -51026.82 -47630.48 -37408.78 
Log-likelihood of the final model -50521.61 -46931.43 -37077.73 
Akaike Information Criterion (AIC) 101233.22 93972.86 74237.45 
Bayesian Information Criterion (BIC) 101795.07 94298.14 74479.93 
Adjusted McFadden’s Pseudo R-squared (with 
respect to constants only model) 0.008 0.014 0.008 

Data fit measures for the prediction sample  
Number of cases 200 200 200 
Predictive LL for the constant only model -3897.81 -3578.52 -2794.38 
Predictive LL value of the final model -3807.70 -3456.8 -2709.51 
Akaike Information Criterion (AIC) 7804.40 7023.60 5501.02 
Bayesian Information Criterion (BIC) 8117.74 7205.00 5636..25 
Adjusted McFadden’s Pseudo R-squared 0.014 0.024 0.021 

  Although Table 4 reports likelihood-based measures of fit for the aggregate MDCEV 

model as well, such measures of the MDCEV-OP model or the disaggregate MDCEV model 

cannot be expected to be better than those of the aggregate MDCEV model. This is because the 

aggregation of alternatives leads to better likelihood-based measures for the aggregate MDCEV 

model. Therefore, such a comparison is not fair. Moreover, the aggregate MDCEV model provides 

no insights on episode-level activity participation and duration. Therefore, rather than comparing 

the statistical fit, it is prudent to compare how the proposed MDCEV-OP model fares in aggregate 

and disaggregate level predictions with the aggregate and disaggregate MDCEV models. 

3.3.2. Evaluation of prediction performance  

To evaluate the predictive performance of the proposed MDCEV-OP model on outside samples, 

we applied the forecasting algorithm proposed in this paper to all the 5 outside samples of 200 

individuals. That is, model parameters estimated from a random sample of 2736 individuals were 

applied to predict for the remaining sample of 200 individuals. For each individual, 50 sets of error 

draws were simulated to cover the distribution of error terms. This exercise was repeated on all 

the 5 outside samples. For all these samples, Pinjari and Bhat (2021) forecasting algorithm was 
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also used to predict time allocations from the disaggregate and aggregate MDCEV models. 

 The predicted activity-level average durations and participation rates for the three models 

as well as the corresponding observed values are presented in the third column of Table 5. Using 

the predictions from this table, we also computed the weighted RMSE of the predictions vis-à-vis 

the observed data (reported in Table 6). The weighted RMSE values were computed as: 

𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑡𝑡𝑤𝑤𝑡𝑡 𝐿𝐿𝑅𝑅𝑅𝑅𝑅𝑅 = �
∑ ∑ 𝑜𝑜𝑘𝑘,𝑗𝑗𝑘𝑘𝑗𝑗𝑘𝑘𝑘𝑘 ∗ 𝑟𝑟𝑘𝑘,𝑗𝑗𝑘𝑘

2

∑ ∑ 𝑜𝑜𝑘𝑘,𝑗𝑗𝑘𝑘𝑗𝑗𝑘𝑘𝑘𝑘
�
0.5

, (25) 

where, 𝑟𝑟𝑘𝑘,𝑗𝑗𝑘𝑘 is the relative error in predictions and is given by 𝑟𝑟𝑘𝑘,𝑗𝑗𝑘𝑘 =
�𝑝𝑝𝑘𝑘,𝑗𝑗𝑘𝑘−𝑜𝑜𝑘𝑘,𝑗𝑗𝑘𝑘�

𝑜𝑜𝑘𝑘,𝑗𝑗𝑘𝑘
 , 𝑝𝑝𝑘𝑘,𝑗𝑗𝑘𝑘 and 𝑜𝑜𝑘𝑘,𝑗𝑗𝑘𝑘 

are the predicted and observed participation rates (or time-allocation) for activity episode (𝑘𝑘, 𝑗𝑗𝑘𝑘).  

It can be observed from Table 5 that the MDCEV-OP model predictions are better than 

those of the disaggregate MDCEV model for most activity-types, both at the disaggregate 

(episode) level and at the aggregate (activity) level. This is also reflected in the lower RMSE values 

(in Table 6) for the former model than the latter model. For example, the RMSE values for the 

activity-level participation predictions from the MDCEV-OP model are around half of those from 

the disaggregate MDCEV model. Further, note from Table 6 that the RMSE values of the 

MDCEV-OP model are not too worse than those of the aggregate MDCEV model. These results 

suggest that despite the substantial disaggregation of choice alternatives from 9 in the aggregate 

MDCEV model to 31 in the MDCEV-OP model, the latter model’s predictions have not 

significantly worsened (despite its ability to predict at the episode-level and implicitly, the 

frequency of participation). 

The last column in Table 5 reports the total number of episodes observed and predicted for 

all individuals in the validation samples (averaged across the 5 validation samples). Both the 

MDCEV-OP and disaggregate MDCEV models predict the number of episodes with fair accuracy. 

However, the disaggregate MDCEV model does not ensure logical ordering of episodes. The 

extent of this problem is demonstrated in the prediction results of this model in Table 7. As can be 

observed form this table, for escorting, shopping, and maintenance activities, the percentage of the 

individuals for which such illogical predictions happened is 17.5%, 10.5%, and 8.5% respectively. 

Overall, such inconsistent predictions were observed for more than 22% of individuals in the data. 

The proposed MDCEV-OP model does not result in a single instance of such illogical predictions. 
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Table 5 Observed and predicted average time allocations (and participation rates) from the proposed MDCEV-OP, disaggregate (episode-level), and aggregate (activity-level) 
MDCEV models. 

Activity purpose 

 Average across the five holdout samples (N=200) and 50 sets of error draws# 

 
Activity-level 

time allocation 
(participation 

(%)) 

Duration of 
episode 1 

(participation 
(%)) 

Duration of 
episode 2 

(participation 
(%)) 

Duration of 
episode 3 

(participation 
(%)) 

Duration of 
episode 4 

(participation 
(%)) 

Duration of 
episode 5 

(participation 
(%)) 

Duration of    
episode 6 

(participation  
(%)) 

Number 
of 

episodes 

Outside good 

Observed    928.8 (100) 

1 MDCEV-OP    935.7 (100) 
Disaggregate MDCEV    929.0 (100) 
Aggregate MDCEV    933.6 (100) 

Escorting 

Observed 21.4 (29.7) 15.1 (29.7) 6.5 (20.0) 4.9 (6.8) 2.6 (3.9) -- -- 112 
MDCEV-OP 16.7 (33.7) 13.1 (33.7) 6.7 (13.2) 5.1 (5.6) 4.4 (2.2) -- -- 123 
Disaggregate MDCEV 16.2 (38.7) 17.1 (22.7) 8.1 (17.4) 5.0 (9.8) 4.8 (3.8) -- -- 105 
Aggregate MDCEV 23.0 (25.5) -- -- 

Shopping 

Observed 62.4 (46.9) 52.2 (46.9) 25.9 (13.6) 17.9 (4.2) 12.4 (0.9) 2.8 (0.2) 0.1 (0.1) 128 
MDCEV-OP 67.8 (45.6) 58.9 (45.6) 23.6 (14.5) 13.4 (3.5) 9.0 (0.6) 6.0 (0.1) 0.0 (0.0) 125 
Disaggregate MDCEV 59.0 (51.8) 61.1 (43.1) 32.3 (11.5) 21.6 (3.5) 19.3 (1.6) 0.4 (0.5) 0.3 (0.1) 129 
Aggregate MDCEV 65.9 (45.8) -- -- 

Maintenance 

Observed 79.2 (40.1) 70.5 (40.1) 20.3 (12.6) 8.7 (4.2) 6.1 (1.5) 4.6 (0.4) 2.2 (0.3) 117 
MDCEV-OP 62.3 (40.4) 59.4 (40.4) 22.1 (12.4) 11.1 (3.0) 8.7 (0.6) 3.9 (0.0) * 0.0 (0.0) 111 
Disaggregate MDCEV 57.9 (46.4) 62.1 (38.5) 23.5 (11.6) 12.1 (2.1) 8.5 (1.0) 8.1 (0.1) 0.0 (0.0) 115 
Aggregate MDCEV 69.0 (40.2) -- -- 

Social 

Observed 147.1 (8.7) 143.5 (8.7) 24.9 (0.5) 2.5 (0.2) -- -- -- 18 
MDCEV-OP 130.3 (8.1) 138.1 (8.1) 32.1 (0.2)   6.5 (0.0) * -- -- -- 17 
Disaggregate MDCEV 127.8 (8.0) 145.1 (7.3) 64.7 (0.5) 18.6 (0.3) -- -- -- 16 
Aggregate MDCEV 140.1 (8.5) -- -- 

Entertainment 

Observed 150.4 (6.7) 144.3 (6.7) 24.9 (0.1) -- -- -- -- 13 
MDCEV-OP 163.2 (6.1) 154.4 (6.1) 56.4 (0.1) -- -- -- -- 13 
Disaggregate MDCEV 168.5 (6.1) 171.4 (6.0) 40.6 (0.2) -- -- -- -- 13 
Aggregate MDCEV 167.2 (6.5) -- -- 

Visiting family/friends 

Observed 151.5 (18.9) 140.6 (18.9) 55.6 (3.6) 18.5 (0.5) 7.0 (0.2) -- -- 42 
MDCEV-OP 147.6 (20.0) 145.5 (20.0) 48.4 (1.6) 25.3 (0.1) 1.8 (0.0)* -- -- 44 
Disaggregate MDCEV 142.2 (20.1) 154.7 (17.8) 60.3 (1.3) 38.0 (0.2) 0.3 (0.1) -- -- 44 
Aggregate MDCEV 160.8 (18.9) -- -- 

Active recreation 

Observed 107.4 (18.4) 97.6 (18.4) 44.1 (1.8) 6.5 (0.3) -- -- -- 39 
MDCEV-OP 103.1 (17.5) 92.2 (17.5) 40.1 (1.3) 22.5 (0.0) * -- -- -- 38 
Disaggregate MDCEV 110.8 (19.2) 115.1 (17.6) 53.0 (1.9) 47.7 (0.2) -- -- -- 39 
Aggregate MDCEV 113.2 (17.8) -- -- 

 Observed 71.6 (19.9) 68.6 (19.9) 34.2 (1.4) -- -- -- -- 39 
Eat-out MDCEV-OP 82.8 (18.5) 78.3 (18.5) 33.7 (1.5) -- -- -- -- 41 
 Disaggregate MDCEV 79.8 (20.2) 81.4 (19.0) 43.5 (1.8) -- -- -- -- 40 
 Aggregate MDCEV 78.3 (18.4) -- -- 

--: Not applicable 
# Duration is reported in minutes for those who were observed/predicted to have undertaken the activity episode. Participation rates are reported inside parentheses. 
*The predicted participation rate is rounded off to zero because it is a small positive value. 
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Table 6. RMSE of predictions from MDCEV-OP, disaggregate MDCEV, and aggregate  
MDCEV models 

 Activity participation Time allocation 
 Aggregate 

(activity-level)  
Disaggregate 

(episode-level) 
Aggregate 

(activity-level)  
Disaggregate 

(episode-level) 
Weighted RMSE  
   MDCEV-OP 0.055 0.151 0.077 0.237 
   Disaggregate MDCEV 0.127 0.160 0.088 0.500 
   Aggregate MDCEV 0.050 -- 0.056 -- 

 Table 7. Disaggregate MDCEV model predictions with illogical occurrence of episodes. 
% of individuals with of illogical occurrence of episodes for each activity in the outside samples 

(Avg. across 50 repetitions; N = 200)                                                   
% of individuals 

with illogical 

occurrence of 

episodes 
Escorting Shopping Maintenance Social Entertainment 

Visiting friends 

& family 

Active 

recreation 
Eat-out                                                                                                                              

17.5 10.5 8.5 1.0 0.5 3.0 1.5 3.0 22.70 

In summary, the prediction assessments suggest that the MDCEV-OP model predicts 

episode-level level activity participation and durations with fairly good accuracy that is better than 

the predictions from a disaggregate MDCEV model that ignores logical consistency across  

different episodes of an activity. Notably, the MDCEV-OP model predictions at the aggregate, 

activity-level are close to those from the aggregate MDCEV model, even though the former, 

disaggregate model has 31 choice alternatives whereas the latter is an aggregate model with only 

9 choice alternatives.  

4. SUMMARY AND CONCLUSIONS 
This paper formulates a novel modeling framework to analyze multiple discrete-continuous 

(MDC) choices at a disaggregate level, including the number of instances different alternatives are 

chosen and the amount of consumption at each instance of choice. While doing so, the model 

ensures the logical ordering in predicting consumptions at each instance. Accommodating such 

logical conditions via explicit constraints in the utility maximization is difficult, for it leads to 

mixed-integer constraints. To circumvent this problem, we exploit the properties of MDC choice 

models with additive utility functions to condition on the baseline utility parameters. Specifically, 

we impose a non-increasing order on the baseline preference parameters that correspond to each 

instance of an alternative. A combination of these strategies, including ordering of baseline 

marginal utilities, conditioning on such ordering, and IID type-1 extreme value distributions for 
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the baseline marginal utility parameters results in a closed-form likelihood expression for the 

observed data. 

As a demonstration of the applicability of the proposed approach, we formulate the model 

for disaggregate, episode-level analysis of individuals’ activity participation and time-use. In this 

model, choice alternatives are defined as episodes of different activity-types (i.e., activity-type and 

episode number form a choice alternative) so that time-allocation can be modeled at an episode 

level (and the frequency of participation is modeled implicitly). The episodes are defined in the 

decreasing order of their time allocation and not in the chronology of their occurrence. That is, the 

episode with the longest duration is denoted the first episode, and so on. Further, the maximum 

possible number of episodes for an activity is exogenously defined, which is based on the 

maximum number of episodes for each activity purpose in the observed data. The proposed model 

is applied to analyze episode-level activity participation and time allocation behavior of non-

working adults in the Los Angeles region of California using empirical data from a regional 

household travel survey. In addition to the proposed model, a disaggregate MDCEV model (an 

episode-level model that does not ensure logical ordering of episodes) and an aggregate MDCEV 

model (an activity-level model) were estimated. The three estimated models provided intuitive and 

behaviorally consistent explanations of the effect of various socio-demographic variables on 

individuals’ time use choices. However, only the MDCEV-OP model recognizes episode-level 

participation in a manner that is logically consistent. Moreover, in the context of a few covariates, 

the MDCEV-OP model offered more plausible interpretations than the disaggregate MDCEV 

model. Also, the number of parameters needed in the MDCEV-OP model (to ensure logical 

consistency across episodes) were much smaller than those for the disaggregate MDCEV model, 

making the former more parsimonious than the latter. This is attributable to the structure of the 

MDCEV-OP model in that it accommodates inherent ordering in the baseline utility parameters 

across different episodes of an activity. The MDCEV-OP model provided a superior statistical fit 

and better prediction accuracy than the disaggregate MDCEV model. At the same time, despite its 

ability to predict at the disaggregate, episode-level (with 31 choice alternatives), the proposed 

MDCEV-OP model predictions at the aggregate, activity-level were close to those from the 

aggregate MDCEV model (with only 9 choice alternatives). 

Overall, the proposed framework provides a simple yet computationally effective 

framework to analyze episode-level time allocation while recognizing a logical ordering in the 
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occurrence of episodes. The framework is applicable for not only disaggregate (i.e., episode level) 

activity participation and time-use analysis but also a variety of other MDC choice contexts where 

it is important to analyze choice and resource allocation at a disaggregate level. Examples include: 

(a) the analysis of household vehicle ownership and utilization (for analyzing the number of 

vehicles owned of each type and the mileage accrued on each vehicle) and (b) analysis of long-

distance vacation destination and time allocation, along with the frequency of visits to different 

destinations. Even within the context of activity participation and time allocation, the ability to 

delve into episode-level analysis (simultaneously for multiple activities) allows the analyst to 

consider episode-level lower and upper bounds on time allocations. For example, it is unrealistic 

to predict escorting activity episodes of longer than, say, 20 minutes. Such an extension has been 

successfully demonstrated by the authors in a recent study (Saxena et al., 2021).  

For future work, extending the proposed model to a linear utility outside good profile (see 

Bhat, 2018) can open some interesting avenues. For example, with a linear outside-good utility 

profile, it might be possible to analytically express the discrete choice probabilities of individuals 

taking part in different activity-episodes. Another extension of the proposed approach can be to 

model situations where a certain alternative ‘B’ should be chosen only when another alternative 

‘A’ is also chosen. For example, expenditure in vehicle maintenance should happen only with a 

non-zero expenditure to fuel, since it is unlikely for vehicles not to be used but incur maintenance 

costs. Another research avenue is to integrate the proposed framework with different econometric 

and heuristic models to incorporate activity scheduling. An interesting future application of the 

proposed model can be to analyze activity fragmentation, albeit the model needs to be enhanced 

to account for the determinants of fragmentation and nuances such as the intensity (or productivity) 

of fragmented activity episodes vis-à-vis longer episodes. 
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APPENDIX A: ELIMINATING REDUNDANCIES IN THE LIKELIHOOD EXPRESSION 

First, the ordering conditions in Equation (15) are redundant because the KKT conditions in 

Equations (10) and (11) imply that 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚 > 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚+1∀ 𝑚𝑚 ∈ {2,3, … , K}. This is because the KKT 

conditions in Equation (10) imply 𝜓𝜓𝑚𝑚,𝑖𝑖𝑚𝑚 > 𝜆𝜆  for all chosen activity-episodes and those in 

Equation (11) imply 𝜓𝜓𝑚𝑚,𝑖𝑖′𝑚𝑚 < 𝜆𝜆  for all non-chosen episodes of chosen activities. Combining these 

two sets of inequalities results in 𝜓𝜓𝑚𝑚,𝑖𝑖𝑚𝑚 > 𝜆𝜆 >  𝜓𝜓𝑚𝑚,𝑖𝑖′𝑚𝑚 for each chosen activity 𝑚𝑚.  

Second, the KKT conditions in Equation (11) and the ordering conditions in Equation (16) 

– both for non-chosen episodes of chosen activities – may be combined to result in the following 

ordering condition: 

 𝜆𝜆 > 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚+1 > 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚+2 … > 𝜓𝜓𝑚𝑚,𝐽𝐽𝑚𝑚∀ 𝑚𝑚 ∈ 𝕄𝕄\{1}           (A1) 

Third, the KKT conditions in Equation (12) and the ordering conditions in Equation (17) – both 

for episodes of non-chosen activities – may be combined to establish the following ordering: 

 𝜆𝜆 > 𝜓𝜓𝑚𝑚′,1 > 𝜓𝜓𝑚𝑚′,2 > ⋯ > 𝜓𝜓𝑚𝑚′,𝐽𝐽𝑚𝑚′  ∀ 𝑚𝑚′ ∈ 𝕄𝕄′       (A2) 

Eliminating the redundancies, one may rewrite the numerator in the likelihood expression 

of Equation (19) as the joint likelihood of conditions in Equations (10), (13), (14), (A1), and (A2). 

Accordingly, the likelihood expression in Equation (19) may be rewritten as: 

ℒ(𝐾𝐾𝐾𝐾𝐾𝐾 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐|𝑂𝑂𝑂𝑂𝑐𝑐𝑂𝑂𝑂𝑂𝑐𝑐𝑐𝑐𝑂𝑂 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)

=  

ℒ

⎝

⎜
⎜
⎜
⎜
⎜
⎛

𝜓𝜓𝑚𝑚,𝑖𝑖𝑚𝑚

�
𝑐𝑐𝑚𝑚,𝑖𝑖𝑚𝑚
∗

𝛾𝛾𝑚𝑚
+ 1�

 = 𝜓𝜓1
𝑐𝑐1∗

 ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1}, 𝑐𝑐𝑚𝑚 ∈ 𝕀𝕀𝕞𝕞 ,

�𝜓𝜓𝑚𝑚,1 > 𝜓𝜓𝑚𝑚,2 … > 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚� ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1},

�𝜓𝜓1𝑐𝑐1∗
> 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚+1 > 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚+2 … > 𝜓𝜓𝑚𝑚,𝐽𝐽𝑚𝑚�  ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1},

�𝜓𝜓1𝑐𝑐1∗
> 𝜓𝜓𝑚𝑚′,1 > 𝜓𝜓𝑚𝑚′,2 > ⋯ > 𝜓𝜓𝑚𝑚′,𝐽𝐽𝑚𝑚′� ∀ 𝑚𝑚′ ∈ 𝕄𝕄′

⎠

⎟
⎟
⎟
⎟
⎟
⎞

ℒ�𝜓𝜓𝑘𝑘,1 > 𝜓𝜓𝑘𝑘,2 > ⋯ > 𝜓𝜓𝑘𝑘,𝑗𝑗𝑘𝑘 … > 𝜓𝜓𝑘𝑘,𝐽𝐽𝑘𝑘� ∀ 𝑘𝑘 ∈ 𝕂𝕂\{1}
 

(A3) 

 Next, consider the second condition, i.e., �𝜓𝜓𝑚𝑚,1 > 𝜓𝜓𝑚𝑚,2 … > 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚� ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1} in the 

numerator of the above expression. For any two chosen episodes 𝑐𝑐𝑚𝑚 and 𝑗𝑗𝑚𝑚 such that 𝑐𝑐𝑚𝑚 <  𝑗𝑗𝑚𝑚 of 

an activity 𝑚𝑚, the KKT conditions in Equation (10) imply that the marginal utilities of optimal 

time allocations are equal. Mathematically, this implies the following: 
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𝜓𝜓𝑚𝑚,𝑖𝑖𝑚𝑚
𝜓𝜓𝑚𝑚,𝑗𝑗𝑚𝑚

=
�
𝑐𝑐𝑚𝑚,𝑖𝑖𝑚𝑚
∗

𝛾𝛾𝑚𝑚
+ 1�

�
𝑐𝑐𝑚𝑚,𝑗𝑗𝑚𝑚
∗

𝛾𝛾𝑚𝑚
+ 1�

=
𝑐𝑐𝑚𝑚,𝑖𝑖𝑚𝑚
∗ + 𝛾𝛾𝑚𝑚
𝑐𝑐𝑚𝑚,𝑗𝑗𝑚𝑚
∗ + 𝛾𝛾𝑚𝑚

 ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1} & ∀ (𝑐𝑐𝑚𝑚 , 𝑗𝑗𝑚𝑚 ∈ 𝕀𝕀𝕞𝕞 ∶ 𝑐𝑐𝑚𝑚 <  𝑗𝑗𝑚𝑚) (A4) 

For forming the likelihood of observed data, where the observed durations of episodes are in a 

non-increasing order, the above equation implies that the baseline utility values must be in the 

same order. Specifically, since in the observed data 𝑐𝑐𝑚𝑚,𝑖𝑖𝑚𝑚
∗ > 𝑐𝑐𝑚𝑚,𝑗𝑗𝑚𝑚

∗  and the satiation parameter 𝛾𝛾𝑚𝑚 

in the model is same across different episodes of an activity, it automatically implies that 𝜓𝜓𝑚𝑚,𝑖𝑖𝑚𝑚 >

𝜓𝜓𝑚𝑚,𝑗𝑗𝑚𝑚. Therefore, the second condition, i.e., �𝜓𝜓𝑚𝑚,1 > 𝜓𝜓𝑚𝑚,2 … > 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚� ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1}  in the 

numerator of Equation (A3) becomes redundant. As a result, the proposed model’s likelihood for 

an individual’s observed time allocations may be written as:  

ℒ�𝑐𝑐1∗, . . , (𝑐𝑐𝑚𝑚,1
∗ , 𝑐𝑐𝑚𝑚,2

∗ , . . , 𝑐𝑐𝑚𝑚,𝐼𝐼𝑚𝑚
∗ �, . . , (𝑐𝑐𝑀𝑀,1

∗ , . . , 𝑐𝑐𝑀𝑀,𝐼𝐼𝑀𝑀
∗ ),0, . . ,0}

=  

ℒ

⎝

⎜
⎜
⎜
⎜
⎛

 
𝜓𝜓𝑚𝑚,𝑖𝑖𝑚𝑚

�
𝑐𝑐𝑚𝑚,𝑖𝑖𝑚𝑚
∗

𝛾𝛾𝑚𝑚
+ 1�

 = 𝜓𝜓1
𝑐𝑐1∗

 ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1}, 𝑐𝑐𝑚𝑚 ∈ 𝕀𝕀𝕞𝕞 ,

�𝜓𝜓1𝑐𝑐1∗
> 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚+1 > 𝜓𝜓𝑚𝑚,𝐼𝐼𝑚𝑚+2 … > 𝜓𝜓𝑚𝑚,𝐽𝐽𝑚𝑚�  ∀ 𝑚𝑚 ∈ 𝕄𝕄\{1},

�𝜓𝜓1𝑐𝑐1∗
> 𝜓𝜓𝑚𝑚′,1 > 𝜓𝜓𝑚𝑚′,2 > ⋯ > 𝜓𝜓𝑚𝑚′,𝐽𝐽𝑚𝑚′� ∀ 𝑚𝑚′ ∈ 𝕄𝕄′

⎠

⎟
⎟
⎟
⎟
⎞

ℒ�𝜓𝜓𝑘𝑘,1 > 𝜓𝜓𝑘𝑘,2 > ⋯ > 𝜓𝜓𝑘𝑘,𝑗𝑗𝑘𝑘 … > 𝜓𝜓𝑘𝑘,𝐽𝐽𝑘𝑘� ∀ 𝑘𝑘 ∈ 𝕂𝕂\{1}
 

(A5) 
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APPENDIX B: SIMULATION EXPERIMENTS WITH THE MDCEV-OP MODEL 

This appendix presents simulation experiments conducted to: (a) verify if the proposed forecasting 

procedure and the model formulation are consistent with each other, and (b) the retrievability of 

model parameters. 

Simulation Experiment Design 

We considered 3 activities for the simulation exercises. The first alternative was assumed to be the 

essential Hicksian outside good. The other two activities were assumed to have a maximum of 3 

episodes each. This leads to a choice set of 7 alternatives, including an essential outside good and 

6 activity-episodes (3 episodes for each of 2 activities). The corresponding utility function is: 

𝑈𝑈 = 𝜓𝜓1 ln(𝑐𝑐1 ) + 𝜓𝜓2,1𝛾𝛾2 ln �
𝑐𝑐2,1

 

𝛾𝛾2
+ 1� + 𝜓𝜓2,2𝛾𝛾2 ln �

𝑐𝑐2,2
 

𝛾𝛾2
+ 1� + 𝜓𝜓2,3𝛾𝛾2 ln �

𝑐𝑐2,3
 

𝛾𝛾2
+ 1�

+ 𝜓𝜓3,1𝛾𝛾3 ln �
𝑐𝑐3,1

 

𝛾𝛾3
+ 1� + 𝜓𝜓3,2𝛾𝛾3 ln �

𝑐𝑐3,2
 

𝛾𝛾3
+ 1� + 𝜓𝜓3,3𝛾𝛾3 ln �

𝑐𝑐3,3
 

𝛾𝛾3
+ 1� 

(B1) 

where, 𝜓𝜓1 = exp(𝜀𝜀1), and 

𝜓𝜓2,1 = exp�𝐴𝐴𝐴𝐴𝐴𝐴2,1 + 𝛽𝛽2,1
𝑋𝑋𝑎𝑎𝑋𝑋𝑎𝑎 + 𝛽𝛽2,1

𝑋𝑋𝑏𝑏𝑋𝑋𝑏𝑏 + 𝜀𝜀2,1�,

𝜓𝜓2,2 = exp�𝐴𝐴𝐴𝐴𝐴𝐴2,2 + 𝛽𝛽2,2
𝑋𝑋𝑎𝑎𝑋𝑋𝑎𝑎 + 𝛽𝛽2,2

𝑋𝑋𝑏𝑏𝑋𝑋𝑏𝑏 + 𝜀𝜀2,2�,

𝜓𝜓2,3 = exp�𝐴𝐴𝐴𝐴𝐴𝐴2,3 + 𝛽𝛽2,3
𝑋𝑋𝑎𝑎𝑋𝑋𝑎𝑎 + 𝛽𝛽2,3

𝑋𝑋𝑏𝑏𝑋𝑋𝑏𝑏 + 𝜀𝜀2,3�,

𝜓𝜓3,1 = exp�𝐴𝐴𝐴𝐴𝐴𝐴3,1 + 𝛽𝛽3,1
𝑋𝑋𝑎𝑎𝑋𝑋𝑎𝑎 + 𝛽𝛽3,1

𝑋𝑋𝑏𝑏𝑋𝑋𝑏𝑏 + 𝜀𝜀3,1�,

𝜓𝜓3,2 = exp�𝐴𝐴𝐴𝐴𝐴𝐴3,2 + 𝛽𝛽3,2
𝑋𝑋𝑎𝑎𝑋𝑋𝑎𝑎 + 𝛽𝛽3,2

𝑋𝑋𝑏𝑏𝑋𝑋𝑏𝑏 + 𝜀𝜀3,2�,

𝜓𝜓3,3 = exp�𝐴𝐴𝐴𝐴𝐴𝐴3,3 + 𝛽𝛽3,3
𝑋𝑋𝑎𝑎𝑋𝑋𝑎𝑎 + 𝛽𝛽3,3

𝑋𝑋𝑏𝑏𝑋𝑋𝑏𝑏 + 𝜀𝜀3,3�.

 (B2) 

All the error terms were assumed to be standard Gumbel distributed. Note that the superscripts to 

the beta parameters in the above equations are not exponents to the parameters. For example, the 

parameter 𝛽𝛽3,1
𝑋𝑋𝑎𝑎   is associated with the effect of variable 𝑋𝑋𝑎𝑎 on participation in activity-episode 

(3,1); i.e., 3rd episode of 1st activity. And the model covariates influencing the baseline marginal 

utilities are simulated as 𝑋𝑋𝑎𝑎~𝑁𝑁𝑐𝑐𝑂𝑂𝑚𝑚𝑁𝑁𝑁𝑁(4,3) and 𝑋𝑋𝑏𝑏~𝐵𝐵𝑂𝑂𝑂𝑂𝑐𝑐𝑐𝑐𝐵𝐵𝑁𝑁𝑁𝑁𝑐𝑐(0.5). The satiation parameters are 

expressed as 𝛾𝛾2 = exp(𝜃𝜃2) and 𝛾𝛾3 = exp(𝜃𝜃3). 

The forecasting procedure proposed in Section 2.3.6 was used to simulate time allocations 

for a synthetic sample of 5000 individuals, with 100 simulated draws of error terms for each 

individual (i.e., 100 datasets of sample size 5000 were created). The accept-reject method was used 

to simulate error terms so that the baseline marginal utilities of every activity followed the ordering 
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condition. We verified that in no single instance was a higher-numbered episode of an activity 

predicted without predicting lower-numbered episodes. Table B1 presents the simulated 

participation rates at both activity and activity-episode levels.  

 Table B1. Activity and episode level participation rates averaged across 100 simulated datasets. 

Activity purpose 

Participation 
rate at 

activity level 
(%) 

Participation rate at episode level (%) 

1 or more 
(exactly 1) 

2 or more 
(exactly 2) 3 episodes 

Outside good (Activity purpose-1) 100.0  
Activity purpose-2 46.1 46.1 (21.9) 24.2 (15.5) 8.7 
Activity purpose-3 55.6 55.6 (13.9) 41.7 (11.8) 29.9 

The values reported in brackets under the columns of episodes correspond to the participation in exactly those number of episodes. 
Next, for each of the 100 datasets, model parameters were estimated by maximizing 

likelihood function in Eq. (21). To measure parameter retrievability, we computed the following 

metrics: 

• For each parameter, we calculated the mean of its corresponding estimate across the 100 

datasets in the experiment and computed the absolute percentage bias (APB) as: 

𝐴𝐴𝐴𝐴𝐵𝐵 =  �
𝑚𝑚𝑂𝑂𝑁𝑁𝑐𝑐 𝑂𝑂𝑐𝑐𝑐𝑐𝑐𝑐𝑚𝑚𝑁𝑁𝑐𝑐𝑂𝑂 − 𝑐𝑐𝑂𝑂𝐵𝐵𝑂𝑂 𝑣𝑣𝑁𝑁𝑁𝑁𝐵𝐵𝑂𝑂

𝑐𝑐𝑂𝑂𝐵𝐵𝑂𝑂 𝑣𝑣𝑁𝑁𝑁𝑁𝐵𝐵𝑂𝑂
� × 100 

• For each parameter, we calculated the standard deviation (across the 100 datasets) of the 

corresponding estimates and reported them as finite sample standard error (FSSE). 

• For each parameter, the average value of the standard error computed across the 100 

datasets is reported as asymptotic standard error (ASE). 

• For each parameter, root mean standard error (RMSE) is reported, which is computed as:  

𝑅𝑅𝑅𝑅𝐴𝐴𝑅𝑅 =  �(𝑅𝑅𝑂𝑂𝑁𝑁𝑐𝑐 𝑂𝑂𝑐𝑐𝑐𝑐𝑐𝑐𝑚𝑚𝑁𝑁𝑐𝑐𝑂𝑂 − 𝐾𝐾𝑂𝑂𝐵𝐵𝑂𝑂 𝐴𝐴𝑁𝑁𝑂𝑂𝑁𝑁𝑚𝑚𝑂𝑂𝑐𝑐𝑂𝑂𝑂𝑂)2 + (𝐹𝐹𝐴𝐴𝐴𝐴𝑅𝑅)2 

Performance Evaluation Results 

Table B2 presents an overall summary of the accuracy and precision of parameter recovery from 

the 100 simulated datasets. It is evident from the simulation results that it is possible to accurately 

retrieve the parameters as indicated by the low APB values and low RMSE values. Further, the 

FSSE and ASE values for each parameter are small and close suggesting good precision in 

parameter recovery. Overall, the results help verify that the proposed model is consistent with its 

prediction procedure and demonstrate the ease with which its parameters can be recovered. 

Importantly, the proposed formulation allows the modeling and prediction of episode-level activity 

participation and duration while not violating a logical ordering of episodes.  
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Recall that the proposed model does not allow the occurrence of a higher-numbered 

episode of an activity without predicting the lower-numbered episodes. However, this property 

does not prevent the model from allowing higher participation in a higher-numbered episode than 

only in a lower-numbered episode. For example, many individuals may participate in both pick-

up and drop-off (i.e., two episodes) than just doing either one. Such a trend can be observed from 

Table B1, where the simulated participation rates for Activity purpose-3 show nearly 30% 

participation in three episodes as compared to 14% in only the first episode and 12% in first and 

second episodes. The fact that the model allows such allocation bundles and that the parameters 

are well recovered suggests that the model is flexible enough to accommodate such situations. 

Table B2. Summary of parameter retrievability from simulated datasets. 

Parameter True 
Value 

Mean 
Estimated 

Value 

Absolute 
Percentage 
Bias (APB) 

Finite 
Sample 

Standard 
Error 

(FSSE) 

Asymptotic 
Standard 

Error 
(ASE) 

RMSE 

𝑨𝑨𝑨𝑨𝑨𝑨𝟐𝟐𝟐𝟐 -1.00 -0.991 0.89 0.12 0.11 0.12 

𝑨𝑨𝑨𝑨𝑨𝑨𝟐𝟐𝟐𝟐 -1.50 -1.505 0.30 0.10 0.10 0.10 

𝑨𝑨𝑨𝑨𝑨𝑨𝟐𝟐𝟐𝟐 -2.00 -1.991 0.43 0.08 0.08 0.08 

𝑨𝑨𝑨𝑨𝑨𝑨𝟐𝟐𝟐𝟐 -0.50 -0.511 2.26 0.12 0.14 0.12 

𝑨𝑨𝑨𝑨𝑨𝑨𝟐𝟐𝟐𝟐 -0.80 -0.784 1.99 0.10 0.10 0.10 

𝑨𝑨𝑨𝑨𝑨𝑨𝟐𝟐𝟐𝟐 -1.00 -1.008 0.76 0.05 0.06 0.05 

𝜷𝜷𝟐𝟐𝟐𝟐
𝑿𝑿𝒂𝒂 -1.10 -1.109 0.79 0.04 0.04 0.04 

𝜷𝜷𝟐𝟐𝟐𝟐
𝑿𝑿𝒂𝒂 -0.90 -0.899 0.13 0.04 0.04 0.04 

𝜷𝜷𝟐𝟐𝟐𝟐
𝑿𝑿𝒂𝒂 -0.80 -0.804 0.47 0.03 0.03 0.03 

𝜷𝜷𝟐𝟐𝟐𝟐
𝑿𝑿𝒂𝒂 -1.50 -1.506 0.40 0.04 0.05 0.05 

𝜷𝜷𝟐𝟐𝟐𝟐
𝑿𝑿𝒂𝒂 -1.20 -1.198 0.18 0.03 0.03 0.03 

𝜷𝜷𝟐𝟐𝟐𝟐
𝑿𝑿𝒂𝒂 -1.00 -1.001 0.07 0.01 0.02 0.01 

𝜷𝜷𝟐𝟐𝟐𝟐
𝑿𝑿𝒃𝒃 -1.00 -0.989 1.14 0.16 0.17 0.16 

𝜷𝜷𝟐𝟐𝟐𝟐
𝑿𝑿𝒃𝒃 -0.80 -0.812 1.50 0.17 0.17 0.17 

𝜷𝜷𝟐𝟐𝟐𝟐
𝑿𝑿𝒃𝒃 -0.50 -0.492 1.50 0.12 0.12 0.12 

𝜷𝜷𝟐𝟐𝟐𝟐
𝑿𝑿𝒃𝒃 0.60 0.600 0.74 0.20 0.19 0.20 

𝜷𝜷𝟐𝟐𝟐𝟐
𝑿𝑿𝒃𝒃 0.90 0.890 1.00 0.12 0.13 0.12 

𝜷𝜷𝟐𝟐𝟐𝟐
𝑿𝑿𝒃𝒃 1.10 1.108 0.77 0.06 0.07 0.06 

𝜽𝜽𝟐𝟐 0.80 0.796 0.48 0.03 0.03 0.03 

𝜽𝜽𝟐𝟐 0.50 0.503 0.64 0.03 0.03 0.03 



41 
 

REFERENCES 
Astroza, S., Bhat, P.C., Bhat, C.R., Pendyala, R.M., & Garikapati, V.M. (2018). Understanding Activity 

Engagement Across Weekdays and Weekend Days: A Multivariate Multiple Discrete-Continuous 
Modeling Approach. Journal of Choice Modelling, 28, 56–70. 

Ben-Elia, E., Alexander, B., Hubers, C. and Ettema, D. (2014). Activity fragmentation, ICT and travel: An 
exploratory Path Analysis of spatiotemporal interrelationships. Transportation Research Part A: 
Policy and Practice, 68, 56-74. 

Bernardo, C., Paleti, R., & Hoklas, M. (2015). An Empirical Investigation into the Time-Use and Activity 
Patterns of Dual-Earner Couples With and Without Young Children. Transportation Research Part 
A: Policy and Practice, 76, 71-91. 

Bhat, C.R. (2018). A New Flexible Multiple Discrete – Continuous Extreme Value ( MDCEV ) Choice 
Model. Transportation Research Part B:Methodological, 110, 261–279.  

Bhat, C.R. (2008). The Multiple Discrete-Continuous Extreme Value (MDCEV) Model: Role of Utility 
Function Parameters, Identification Considerations, and Model Extensions. Transportation Research 
Part B: Methodological, 42(3), 274–303.  

Bhat, C.R. (2005). A Multiple Discrete-Continuous Extreme Value Model: Formulation and Application to 
Discretionary Time-Use Decisions. Transportation Research Part B: Methodological, 39, 679–707.  

Bhat, C.R., Astroza, S., Sidharthan, R., & Bhat, P.C. (2014). A multivariate hurdle count data model with 
an endogenous multiple discrete-continuous selection system. Transportation Research Part B: 
Methodological, 63, 77–97.  

Bhat, C.R., Castro, M., & Khan, M. (2013). A New Estimation Approach for the Multiple Discrete-
Continuous Probit (MDCP) Choice Model. Transportation Research Part B: Methodological, 55, 1–
22. 

Bhat, C.R., Castro, M., & Pinjari, A.R. (2015). Allowing for Complementarity and Rich Substitution 
Patterns in Multiple Discrete-Continuous Models. Transportation Research Part B: Methodological, 
81(1), 59–77. 

Bhat, C. R., & Koppelman, F. S. (1993). A conceptual framework of individual activity program generation. 
Transportation Research Part A: Policy and Practice, 27(6), 433–446. 

Bhat, C.R., Sen, S., & Eluru, N. (2009). The Impact of Demographics, Built Environment Attributes, 
Vehicle Characteristics, and Gasoline Prices on Household Vehicle Holdings and Use. Transportation 
Research Part B: Methodological, 43(1), 1–18. 

Bradley, M., Bowman, J. L., & Griesenbeck, B. (2010). SACSIM: An applied activity-based model system 
with fine-level spatial and temporal resolution. Journal of Choice Modelling, 3(1), 5–31. 

Calastri, C., Hess, S., Daly, A., & Carrasco, J.A. (2017). Does the Social Context Help with Understanding 
and Predicting the Choice of Activity Type and Duration? An Application of the Multiple Discrete-
Continuous Nested Extreme Value model to Activity Diary Data. Transportation Research Part A: 
Policy and Practice, 104, 1–20.  

Calastri, C., Hess, S., Daly, A., Maness, M., Kowald, M., & Axhausen, K. (2017). Modelling Contact Mode 
and Frequency of Interactions with Social Network Members Using the Multiple Discrete – 
Continuous Extreme Value Model. Transportation Research Part C: Emerging Technologies, 76, 16–
34.  

Castro, M., Bhat, C.R., Pendyala, R.M., & Jara-díaz, S.R. (2012). Accommodating Multiple Constraints in 
the Multiple Discrete – Continuous Extreme Value ( MDCEV ) Choice Model. Transportation 
Research Part B: Methodological, 46(6), 729–743. 

Chikaraishi, M., Zhang, J., Fujiwara, A., & Axhausen, K. (2010). Exploring Variation Properties of Time 
Use Behavior on the Basis of a Multilevel Multiple Discrete-Continuous Extreme Value Model. 
Transportation Research Record, 2156, 101–110. 

Couclelis, H. (2003). Housing and the new geography of accessibility in the information age. Open House 
Int. 28 (4), 7–13. 

Dubé, J.P. (2004). Multiple Discreteness and Product Differentiation: Demand for Carbonated Soft Drinks. 
Marketing Science, 23(1), 66–81. 



42 
 

Eluru, N., Pinjari, A., Pendyala, R., & Bhat, C. (2010). An econometric multi-dimensional choice model of 
activity-travel behavior. Transportation Letters, 2(4), 217–230. 

Enam, A., Konduri, K.C., Pinjari, A.R., & Eluru, N. (2018). An Integrated Choice and Latent Variable 
Model for Multiple Discrete Continuous Choice Kernels: Application Exploring the Association 
Between Day Level Moods and Discretionary Activity Engagement Choices. Journal of Choice 
Modelling, 26, 80–100. 

Ferdous, N., Eluru, N., Bhat, C.R., & Meloni, I. (2010). A multivariate ordered-response model system for 
adults’ weekday activity episode generation by activity purpose and social context. Transportation 
Research Part B: Methodological, 44(8–9), 922–943. 

Garikapati, V.M., Sidharthan, R., Pendyala, R.M., & Bhat, C.R. (2014). Characterizing Household Vehicle 
Fleet Composition and Count by Type in Integrated Modeling Framework. Transportation Research 
Record, 2429, 129–137. 

Habib, K.N. (2018). A comprehensive utility-based system of activity-travel scheduling options modelling 
(CUSTOM) for worker’s daily activity scheduling processes. Transportmetrica A: Transport Science, 
14(4), 292–315.  

Habib, K.N., & Miller, E.J. (2009). Modelling Activity Generation: A Utility-Based Model for Activity-
Agenda Formation. Transportmetrica, 5, 3-23. 

Hanemann, W.M. (1978). A Methodological and Empirical Study of the Recreation Benefits from Water 
Quality Improvement. Ph.D. dissertation, Department of Economics, Harvard University. 

He, S.Y. (2013). Will You Escort Your Child to School? The Effect of Spatial and Temporal Constraints 
of Parental Employment. Applied Geography, 42, 116–123.  

Jäggi, B., Weis, C., & Axhausen, K.W. (2013). Stated Response and Multiple Discrete-Continuous Choice 
Models: Analyses of Residuals. Journal of Choice Modelling, 6, 44–59. 

Jian, S., Rashidi, T.H., & Dixit, V. (2017). An Analysis of Carsharing Vehicle Choice and Utilization 
Patterns Using Multiple Discrete-Continuous Extreme Value (MDCEV) Models. Transportation 
Research Part A: Policy and Practice, 103, 362–376. 

Kapur, A., & Bhat, C.R. (2007). Modeling Adults’ Weekend Day-Time Use by Activity Purpose and 
Accompaniment Arrangement. Transportation Research Record, 2021, 18-27. 

Kim, J., Allenby, G.M., & Rossi, P.E. (2002). Modeling Consumer Demand for Variety. Marketing Science, 
21(3), 229–250. 

Lavín, F., & Hanemann, M. (2008). Functional Forms in Discrete/Continuous Choice Models With General 
Corner Solution. Department of Agricultural & Resource Economics, UC Berkeley, Working Paper 
Series. 

Miller, E. J., & Roorda, M. J. (2003). Prototype Model of Household Activity-Travel Scheduling. 
Transportation Research Record, 1831(1), 114–121. 

Mondal, A., & Bhat, C.R. (2021). A new closed-form multiple discrete-continuous extreme value 
(MDCEV) choice model with multiple linear constraints. Transportation Research Part B: 
Methodological, 147, 42–66. 

Palma, D. Enam, A. Hess, S. Calastri, C. & dit Sourd, R.C. (2021). Modelling multiple occurrences of 
activities during a day: an extension of the MDCEV model. Transportmetrica B: Transport 
Dynamics, 9(1), 456-478. 

Palma, D., &  Hess, S. (2020). Some Adaptations of Multiple Discrete-Continous Extreme Value (MDCEV) 
Models for a Computationally Tractable Treatment of Complementarity and Substitution Effects, and 
Reduced Influence of Budget Effects. Choice Modelling Centre, University of Leeds, UK. 

Paleti, R., Copperman, R.B., & Bhat, C.R. (2011). An Empirical Analysis of Children’s After School Out-
of-Home Activity-Location Engagement Patterns and Time Allocation. Transportation, 38(2), 273–
303. 

Pawlak, J., Polak, J.W. and Sivakumar, A., 2017. A framework for joint modelling of activity choice, 
duration, and productivity while travelling. Transportation Research Part B: Methodological, 106, 
153-172. 

Pinjari, A.R. (2011). Generalized Extreme Value (GEV)-Based Error Structures for Multiple Discrete-



43 
 

Continuous Choice Models. Transportation Research Part B: Methodological, 45, 474–489. 
Pinjari, A. R., & Bhat, C.R. (2021). Computationally efficient forecasting procedures for Kuhn-Tucker 

consumer demand model systems: Application to residential energy consumption analysis. Journal of 
Choice Modelling, 39, 100283. 

Pinjari, A.R., Augustin, B., Sivaraman, V., Faghih Imani, A., Eluru, N., & Pendyala, R.M. (2016). 
Stochastic Frontier Estimation of Budgets for Kuhn-Tucker Demand Systems: Application to Activity 
Time-Use Analysis. Transportation Research Part A: Policy and Practice, 88, 117–133.  

Pinjari, A.R., & Bhat, C.R. (2009). A Multiple Discrete-Continuous Nested Extreme Value (MDCNEV) 
Model: Formulation and Application to Non-Worker Activity Time-Use and Timing Behavior on 
Weekdays. Transportation Research Part B: Methodological, 44(4), 562–583. 

Pudāne, B., Molin, E.J., Arentze, T.A., Maknoon, Y. and Chorus, C.G. (2018). A time-use model for the 
automated vehicle-era. Transportation Research Part C: Emerging Technologies, 93, 102-114. 

Rajagopalan, B.S., Pinjari, A.R., & Bhat, C.R. (2009). Comprehensive Model of Worker Nonwork-Activity 
Time Use and Timing Behavior. Transportation Research Record, 2134, 51–62.  

Rajagopalan, B.S., & Srinivasan, K.K. (2008). Integrating Household-Level Mode Choice and Modal 
Expenditure Decisions in a Developing Country: Multiple discrete-continuous extreme value model. 
Transportation Research Record, 2076, 41–51. 

Roorda, M. J., Miller, E. J., & Habib, K. M. N. (2008). Validation of TASHA: A 24-h activity scheduling 
microsimulation model. Transportation Research Part A: Policy and Practice, 42(2), 360–375. 

Satomura, T., Kim, J., & Allenby, G. M. (2011). Multiple-Constraint Choice Models with Corner and 
Interior Solutions. Marketing Science, 30(3), 481–490.  

Saxena, S., Pinjari, A. R., Roy, A., & Paleti, R. (2021). Multiple discrete-continuous choice models with 
bounds on consumptions. Transportation Research Part A: Policy and Practice, 149, 237–265. 

Siegling, A.B., Saklofske, D.H., Vesely, A.K., & Nordstokke, D.W. (2012). Relations of Emotional 
Intelligence with Gender-Linked Personality: Implications for a Refinement of EI Constructs. 
Personality and Individual Differences, 52(7), 776–781.  

Srinivasan, S., & Bhat, C. R. (2005). Modeling household interactions in daily in-home and out-of-home 
maintenance activity participation. Transportation, 32(5), 523–544.  

Van Nostrand, C., Sivaraman, V., & Pinjari, A.R. (2013). Analysis of long-distance vacation travel 
demand in the United States: A multiple discrete-continuous choice framework. Transportation, 
40(1), 151–171. 

Vovsha, P., Petersen, E., & Donnelly, R. (2004). Impact of Intrahousehold Interactions on Individual Daily 
Activity-Travel Patterns. Transportation Research Record, 1898(1), 87–97. 

von Haefen, R.H., & Phaneuf, D.J. (2005). Kuhn-Tucker Demand System Approaches to Non-Market 
Valuation. In: Scarpa, R. & Alberini, A.A. (Eds.). Applications of Simulation Methods in 
Environmental and Resource Economics. Springer, 135–157.  

Vuong, Q.H. (1989). Likelihood Ratio Tests for Model Selection and Non-Nested Hypotheses. 
Econometrica, 57(2), 307–333. 

Wales, T. J., & Woodland, A. D. (1983). Estimation of Consumer Demand Systems with Binding Non-
Negativity Constraints. Journal of Econometrics, 21(3), 263–285.  

Wang, K., Ye, X., Pendyala, R.M., & Zou, Y. (2017). On the Development of a Semi-Nonparametric 
Generalized Multinomial Logit Model for Travel-Related Choices. PLoS ONE, 12(10). 

You, D., Garikapati, V., Pendyala, R., Bhat, C., Dubey, S., Jeon, K., & Livshits, V. (2014). Development 
of Vehicle Fleet Composition Model System for Implementation in Activity-Based Travel Model. 
Transportation Research Record, 2430, 145–154. 

Zhang, J., Timmermans, H. J. P., & Borgers, A. (2005). A model of household task allocation and time use. 
Transportation Research Part B: Methodological, 39(1), 81–95. 

 


	4. SUMMARY AND CONCLUSIONS

