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a b s t r a c t 

When collecting panel data, we need to acknowledge that responses do not represent in- 

dependent measurements. The known apparatus in transportation research offers several 

opportunities to estimate panel effects for well-known and widely applied models such 

as hazard and dynamic logit models. However, the transportation research community is 

not endowed with a rich set of methods to account for panel effects in dynamic prob- 

abilistic decision trees, which have been used as a formalism for the representation of 

decision heuristics. Building on scarce prior work in statistics, we elaborate an approach 

to estimate panel effects in dynamic probabilistic decision trees with multinomial action 

states. Given that panel data naturally have a hierarchical structure with repeated mea- 

sures nested within individuals, we implement a mixed-effects model that simultaneously 

accounts for population-level effects (fixed effects), between-individual variances (random 

effects), and within-individual variances (autocorrelations). The approach uses an iterative 

estimation procedure between CHAID-based probabilistic tree induction and Bayesian gen- 

eralized linear mixture modeling (GLMM). When extracting the dynamic probabilistic de- 

cision trees, it is assumed that the random effects are known, while it is assumed that the 

fixed effects are known when estimating the Bayesian GLMM. This iterative process con- 

tinues until convergence is reached. A Monte Carlo technique is used to navigate between 

aggregate choice probabilities and individual level multinomial choices. We also test the 

significance of temporal autocorrelation within individuals. The suggested approach is il- 

lustrated using charging station choice of users of Plug-in Electric Vehicles (PEV). Results 

support the potential value of the suggested approach. 

© 2018 Elsevier Ltd. All rights reserved. 

 

 

 

 

1. Introduction 

Over the last two decades, rule-based models have gained increasing attention as an alternative approach to model-

ing spatiotemporal choice behavior of daily activity patterns, assuming that choice behavior is driven by heuristic decision

rules rather than utility maximization. Rule-based models have often been formulated as a computational process which

mimics the decision-making process in complex environments. Decision heuristics reflect the notion that under a particular
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set of conditions an individual with a certain socio-demographic profile, facing a set of spatio-temporal and institutional

constraints set by the environment, will activate a particular action state, i.e. choose a particular choice alternative. 

Several formalisms may be used to represent the relationship between profile, condition states and actions. For example,

IF, THEN, …, ELSE structures are a logical candidate because they allow specifying the condition set under which an action

will follow, while the “ELSE” allows specifying the universe of condition states. However, as this representation is prone

to error when dealing with large sets of heuristics demanded in activity-based models of travel demand, decision tree

or decision table formalisms have the clear advantage that the exhaustiveness and exclusiveness of decision rules can be

easily guaranteed and maintained in complex model systems using predicate logic ( Lucardie, 1994 ). Albatross ( Arentze and

Timmermans, 2004, 2005; Rasouli et al., 2018 ) is the best-known activity-based model that is built on such decision trees. 

However, the currently increasing interest in developing dynamic models of activity-travel behavior ( Arentze and Tim-

mermans, 2009, 2012; Cirillo and Axhausen, 2010; Timmermans et al., 2010; Auld et al., 2011; Shabanpour et al., 2017;

Xianyu et al., 2017; Yasmin et al., 2017 ) and the increasing availability of multi-day, even multi-week GPS data, demand an

examination of the issue of panel effects if researchers wish to continue using the formalism of decision trees for developing

dynamic models. 

It is well-known that any data collection method that requests participants to provide multiple responses to the same

type of question violates the common assumption of independent measurements that underlies most statistical methods and

choice models. Panel data and stated choice experiments are typical examples. Stated choice experiments involve subjects

to choose the alternative they like best from multiple choice sets that systematically vary the attributes and/or decision

context variables of interest. Similarly, panel data record multiple behavioral instances of panelists over a longer period of

time. Serially correlated choices over time, or autocorrelated choices, and any unobserved variables that have a systematic

effect on choice behavior or attitude formation violate the critical assumption of independent measurement. 

Although the issue has been recognized for a long time, for example in the context of stated choice experiments, the

issue was not immediately remedied, but rather rules of thumbs were applied to correct the problem or a warning was

given that the standard errors were inflated. When computing power increased, however, solutions were developed, leading

to random effect models for the most commonly used regression and choice models. The random effect allows modeling

heterogeneity in cross-sectional data or the effect of repeated measurement in panel/longitudinal data. Consequently, the

majority of scholars in transportation research routinely applies random effects models to capture any unobserved pref-

erence heterogeneity across individuals and serially correlated choices within individuals. A recent example of a random

effects regression models is Rasouli and Timmermans (2014a) , who analyzed the effects of multi-tasking on the utility of

travel episodes, while Mannering et al., (2016), Anastasopoulos et al., (2017) and Kim et al., (2017) offer exam ples of ran-

dom effects hazard models. Charoniti et al., (2017) reported the results of a random parameter regret-minimization model.

While the number of applications of the random effects versions of regression, hazard and regret models in transportation

research is still relatively limited, applications of mixed (random effects) logit models are very common and have become

the standard (e.g., Revelt and Train, 1998; Hensher and Greene, 2003; Vij et al., 2013; Cherchi et al., 2017; Daina et al., 2017 ).

Nevertheless, travel behavior researchers have not only applied these algebraic choice models, but also used rule-based

decision trees such as Chi-squared Automatic Interaction Detector (CHAID) ( Arentze et al., 20 0 0; Wets et al., 20 0 0; Rashidi

and Mohammadian, 2011; Yang et al., 2013 ), Classification and Regression Trees (CART) ( Rasouli and Timmermans, 2012;

Pitombo et al., 2015; Vij and Shankari, 2015 ). Although the issue of repeated measurement and panel effects applies equally

to decision trees, to the best of our knowledge, to date it has not attracted any attention in the transportation research

community. 

In this article, we propose an approach to estimate panel effects in dynamic probabilistic decision trees with multino-

mial action states based on CHAID. The essence of CHAID is to successively split the sample into homogeneous subgroups,

based on the chi-square criterion, that share similar characteristics and/or conditions. The split can be represented as a

tree. Given that panel or longitudinal travel data naturally have a hierarchical structure with repeated measures nested

within individuals, we implement a mixed-effects model that simultaneously accounts for population-level effects (fixed ef-

fects), between-individual variances (random effects), and within-individual variances (autocorrelations). The approach uses

an iterative estimation procedure between CHAID-based probabilistic tree induction and Bayesian generalized linear mix-

ture modeling (GLMM). The suggested approach is illustrated using charging station choice of Plug-in Electric Vehicle (PEV)

users. 

The remainder of the paper is organized as follows. Section 2 presents the problem of decision tree induction, which

hinders to use them for panel data. Section 3 contains the earlier work that attempts to extend tree-based methods to

panel data. Section 4 introduces the methodology we develop for estimating panel effects in dynamic probabilistic decision

tree with multinomial outcomes. Section 5 illustrates the suggested methodology to PEV users’ charging station choice using

longitudinal activity-travel data. Section 6 discusses findings from different models and demonstrates their main differences.

This is followed by conclusions and a discussion of directions for future research in Section 7 . 

2. The problem 

Consider the problem of predicting the probability that individual i will choose choice alternative j. A decision tree or

table consists of a series of nodes and branches that specify the condition state and personal profile of i that lead (proba-

bilistically) to the choice of j . The branches connecting the nodes in the tree (or columns in the table) are exhaustive and
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exclusive. The terminal node of a decision tree (or last row of the decision table) represents the action state, which specifies

which action/choice will be triggered when the conditions represented by the connecting branch are satisfied. Traditionally,

this is a single action under the deterministic plurality rule, which assigns the modal response at a given terminal node. In

case of probabilistic action states, however, the probabilities reflect the heterogeneity in the choice behavior of interest, as-

sociated with a decision heuristic. Arentze et al. (20 0 0) and Wets et al. (20 0 0) suggested probabilistic decision trees, which

specify the probability that a certain action will be taken, i.e. a particular choice alternative will be chosen. 

Basically, tree induction algorithms can be viewed as a way of splitting the observational data into succinct sets of

disjunctive decision heuristics that classify the data into homogeneous segments of actions. Originally, these were derived

from expert knowledge. Later, several algorithms were suggested to extract the trees or tables from observed activity-travel

data. Well-known examples are CHAID-based tree induction ( Kass, 1980 ), which uses the chi-square statistic to build the

tree, the C4.5 algorithm ( Quinlan, 1993 ), which is based on the information gain statistic, and CART ( Breiman et al., 1984 ),

which is a binary recursive splitting algorithm based on a generalization of the binomial variance, called the Gini index. 

The tree induction process itself is deterministic. The stochasticity in simulating choice behavior stems from the proba-

bilistic nature of the decision trees, which means that every instantiation of an action requires a draw from the probabilistic

action states, which may result in a different decision outcome. This characteristic is essential for assessing model uncer-

tainty and error propagation in complex model systems ( Rasouli and Timmermans, 2013, 2014b ). 

However, the deterministic induction process implies that the modeling approach at its current level of development and

application in transportation research does not include any mechanism for dealing with unobserved preference heterogene-

ity and autocorrelated errors within individuals. This potential limitation may not be a serious problem for the applications

of decision trees in travel behavior modeling that are typically based on cross-sectional travel surveys of a random sample

of travelers who report a single day set of trips and activities because any heterogeneity is (largely) reflected in the proba-

bility distribution. However, in longitudinal data, repeated observations of a group of travelers cannot be taken into account

independently. 

When the aim is to develop dynamic decision trees as the driver of dynamic activity-based forecasting models, using lon-

gitudinal data, unobserved preference heterogeneity persisting over repeated measurements may lead to correlated choices, 

and also autocorrelation in choice dynamics is not negligible. Thus, to accommodate these effects, it is necessary to develop

a way of extracting the hidden effects of using “panel” data from the decision tree. When searching the literature, we did

not find any publication, addressing the issue, let alone suggesting a solution. Some scarce literature in statistics, however,

seems promising, but needs elaboration to make it relevant for the probabilistic decision trees embedded in computational

process models of activity-travel behavior. In this paper, we suggest the required extension and report experiences with an

application of the suggested method based on CHAID-based trees in modeling charging behavior. 

3. Earlier work 

The first attempt to extend tree-based methods to longitudinal data was made by Segal (1992) based on CART. In order

to make the method computationally feasible, the algorithm limited the method to have the same number of equally-spaced

time intervals for all panelists with commonly used forms of covariance matrices (e.g., independence, compound symmetry,

first-order autoregressive). Zhang (1998) extended this approach to multiple binary response variables. It should be noted

that these methods share the limitation of not being able to allow time-varying covariates, and the resulting trees cannot

be used for future prediction of the same individual. 

Some studies in statistics have suggested a way to overcome this limitation, and to deal with longitudinal data by gen-

eralizing the linear mixed effects model (LMM) into a CART-based regression tree framework ( Hajjem et al., 2011; Sela and

Simonoff, 2012 ). For correlated data (e.g., longitudinal or clustered data) with continuous (e.g., Gaussian) responses, LMMs

have been widely used and can be written in matrix form ( Laird and Ware, 1982 ). 

y i = X i β + Z i b i + ε i , [
b i 

ε i 

]
∼ N 

(
0 , 

[
D 0 

0 R i 

])
(1) 

where y i = ( y i 1 , . . . , y i T i ) 
′ is the T i × 1 vector of continuous responses for the T i observations of a panelist i , X i =

[ x i 1 , . . . , x i T i ] 
′ is the T i × k matrix of fixed effects covariates, β is the k × 1 vector of parameters for the fixed effects,

Z i = [ z i 1 , . . . , z i T i ] 
′ is the T i × q matrix of random effects covariates, b i = ( b i 1 ,…, b iq ) 

′ is the q × 1 vector of random effects,

and ε i = ( ε i 1 , . . . , ε i T i ) 
′ is the T i × 1 vector of errors. D and R i are the covariance matrix of b i and ε i , respectively. 

The basic idea behind the algorithms proposed by Hajjem et al. (2011) and Sela and Simonoff (2012) is to replace the

parametric form of linear fixed effects, X i β, with the nonparametric form of a nonlinear function f ( X i ) from a tree-based

model, and is to extract the individual-specific random effects, b i , from the outcomes of the regression tree using LMM. 

y i = f ( X i ) + Z i b i + ε i (2) 

They proposed a two-step iterative expectation-maximization approach to extract the random effects. At the first step,

a tree-based model is fitted to y i − Z i ̂
 b i assuming that the random effects are known. As a result, the estimated tree struc-

ture, ˆ f ( X ) , is corresponding to the outcomes without random effects. At the second step, the fixed effects are assumed
i 
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Fig. 1. Graphical representation of CHAID tree. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

known, and the LMM is fitted to y i to estimate b i . This alternation between the two steps is continued until the change in

likelihood ( Hajjem et al., 2011 ) or restricted likelihood ( Sela and Simonoff, 2012 ) between adjacent iterations is less than

a specified threshold. Both research teams applied the algorithm to real data and reported that the inclusion of random

effects im proved the standard tree methods. More recently, to adjust the selection bias of CART, Fu and Simonoff (2015) de-

veloped an unbiased version of regression trees for longitudinal data, while Loh and Zheng (2013) proposed an algorithm

for the construction regression tree models for longitudinal data, based on the GUIDE approach which avoids selection bias

by replacing CART’s one-step method of selecting the variable and split set with a two-step method that first selects the

variable and then finds the split set for the selected variable. However, given that most choice facets in transport studies

are discrete multinomial in nature, developing the dynamic decision tree for non-Gaussian response data is not trivial. 

4. Suggested extension 

In this section, we propose an approach to estimate panel effects in dynamic probabilistic decision trees, based on the

CHAID-based tree induction method. However, it should be noted that the proposed method can also be applied in con-

junction with any arbitrary classification tree if the tree can be represented by a directed acyclic graph which consists of

decision nodes split based on attribute, X 

k 
i 

, and terminal nodes with a choice probability distribution across alternatives, πp ,

as shown in Fig. 1 . 

Following Hajjem et al. (2011) and Sela and Simonoff (2012) , we apply an iterative approach using a tree-based model

to estimate the fixed effects, f , and use a Bayesian implementation of generalized linear mixture models (GLMM) to esti-

mate the random effects . The main idea of the extension is to take the random effect (heterogeneity between individuals)

into account in the decision tree with categorical (binomial or multinomial) responses. In case of unordered multinomial

outcomes, the challenge is to update the outcomes at each iterative step because the outcomes cannot be simply added

or subtracted at each iteration. In this section, we describe a method to adjust the CHAID tree for analyzing multinomial

outcomes in longitudinal data. 

Let y it be a multinomial random variable taking values {1,…, J } for the t -th observation of individual i , where t = 1,…, T i .

Similar to previous work, assuming that the random effects are known, if a CHAID tree is fitted to y it , the tree defines a fixed

component, f j ( X i ), where X i is the T i × k matrix of fixed effects covariates. In other words, the estimated fixed component

ˆ f j ( X i ) is a complete set of decision rules generated by CHAID satisfying given attributes, which partitions the covariate

spaces and indicates the terminal node to which the observations belong. Then, the probabilistic action-assignment rule

may come into operation. 

πCHAID 
ijt 

∣∣p = Pr 
(
y it = j 

∣∣p, δijt 

)
= 

δijt n jp ∑ J 
j ′ =1 

δi j ′ t n j ′ p 
, p = 1 , . . . , P, (3)

where πCHAID 
i jt 

denotes the conditional choice probability of alternative j as seen by individual i at occasion t, n jp is the

number of observations at terminal node p with observed response j, and δijt is a binary variable indicating the availability

of j at occasion t . 

Once the fixed effects are known from the tree, we fit the GLMM to capture the random effect. Considering the un-

ordered polytomous outcomes we have, an appropriate link function for the GLMM is the baseline-category logit model
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( Agresti, 2013 ), which is simultaneously parameterized as the log odds over an arbitrary baseline category J . Thus, pairing

each response category with a baseline category, J - 1 non-redundant logits can be written as given below. 

ηi j = log 
πi j 

πiJ 

= 

ˆ f j ( X i ) + Z i b i j , j = 1 , . . . , J − 1 , 

b i j ∼ N ( 0 , D ) , 
(4) 

where ηi j = ( ηi j1 , . . . , ηi j T i 
) ′ and πi j = ( πi j1 , . . . , πi j T i 

) ′ is the T i × 1 vector of linear predictors and response probabilities,

respectively, associated with alternative j for individual i , hence 
∑ J 

j=1 
πi jt = 1 . Z i = [ z i 1 , . . . , z i T i ] 

′ is the T i × q matrix of ran-

dom effects covariates, and b ij = ( b ij 1 ,…, b ijq ) 
′ is the q × 1 unknown vector of random effects associated with alternative j for

individual i with zero mean and covariance matrix D . 

D is the block diagonal covariance matrix of b ij with diagonal blocks V b i js 
� A b i js 

. Here � denotes Kronecker product and

V b i js 
is the ( J − 1) × ( J − 1) covariance matrix of s- th random effect to be estimated. 

D = �
q 
s =1 

V b i js 
� A b i js 

= 

⎡ 

⎢ ⎢ ⎣ 

V b i j1 
� A b i j1 

0 . . . 0 

0 V b i j2 
� A b i j2 

. . . 0 

. . . 
. . . 

. . . 
. . . 

0 0 . . . V b i jq 
� A b i jq 

⎤ 

⎥ ⎥ ⎦ 

(5) 

V b i js 
= 

⎡ 

⎢ ⎢ ⎢ ⎣ 

σ 2 
b i 1 s 

σb i 1 s b i 2 s 
. . . σb i 1 s b iJ−1 s 

σb i 2 s b i 1 s 
σ 2 

b i 2 s 
. . . σb i 2 s b iJ−1 s 

. . . 
. . . 

. . . 
. . . 

σb iJ−1 s b i 1 s 
σb iJ−1 s b i 2 s 

. . . σ 2 
b iJ−1 s 

⎤ 

⎥ ⎥ ⎥ ⎦ 

(6) 

A b i js 
is the ( J − 1) × ( J − 1) known structured matrix that may have various forms (e.g., unstructured, First-order autore-

gressive (AR-1), Toeplitz, Compound symmetry, Variance Components, etc.) which defines the covariance structure of V b i js 
. In

this study, the Variance Components structure is chosen which is the simplest assuming no correlation between alternatives

(i.e., A b i js 
= I J−1 ), and results in the q ( J − 1) × q ( J − 1) block diagonal covariance matrix D . 

D = �
q 
s =1 

V b i js 
� I J−1 = 

⎡ 

⎢ ⎢ ⎣ 

V b i j1 
� I J−1 0 . . . 0 

0 V b i j2 
� I J−1 . . . 0 

. . . 
. . . 

. . . 
. . . 

0 0 . . . V b i jq 
� I J−1 

⎤ 

⎥ ⎥ ⎦ 

(7) 

Then J − 1 non-redundant logits determine the log-odds of other pairs of response categories. For example, in case of

non-baseline response categories A and B, 

log 
πiB 

πiA 

= ηiB − ηiA = log 
πiB 

πiJ 

− log 
πiA 

πiJ 

. (8) 

Often traditional GLMM suffer from modeling non-Gaussian response variables because the likelihood cannot be obtained

in closed form. As an alternative, there has been a growing interest in the development of Bayesian approaches to deal

with longitudinal data using the Markov-Chain Monte-Carlo (MCMC) estimation method ( Chib, 2008 ). This method relies

on the idea of hierarchical prior modeling, which allows modeling the heterogeneity in individual-specific coefficients and

the distributions of errors ( Lindley and Smith, 1972 ). We used R package MCMCglmm ( Hadfield, 2010 ). Based on the use of

Bayesian inference, MCMCglmm simulates the posterior distribution of fixed effects and random effects based on both the

data and the uninformative prior distributions (normal distribution for fixed effects and inverse-Wishart distribution for

random effects, respectively). It is known that the uninformative prior distribution has virtually no effect on the posterior if

the data are large enough. 

When the GLMM is fitted, the response probabilities without random effects can be written as, 

πM CM C 
i jt = 

exp 

(
ˆ ηi jt − z i jt ̂

 b i j 

)

1 + 

∑ J−1 
j ′ =1 

exp 

(
ˆ ηi j ′ t − z i j ′ t ̂  b i j ′ 

) , j = 1 , . . . , J − 1 , (9) 

πM CM C 
i jt = 

1 

1 + 

∑ J−1 
j ′ =1 

exp 

(
ˆ ηi j ′ t − z i j ′ t ̂  b i j ′ 

) , j = J. (10) 

Finally, the response can be updated using the Monte Carlo technique to draw a decision from the probability distribu-

tion. 

y ∗it = Monte Carlo 
(

ˆ πM CM C 
i jt 

)
(11) 
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Table 1 

Summary statistics of the data. 

Time span 1/27/2017–4/28/2017 

Total number of users 73 

Total number of charging questions sent 13,163 

Number of charging occasions per person ∗ minimum = 2, 1st quartile = 98.3, median = 166.5, 3rd quartile = 257.5, maximum = 593 

Distribution of observed types of charging stations 1) no charging: 8262 observations 

2) private-charging station: 3213 observations 

3) public-charging station: 711 observations 

4) semi-public charging station: 236 observations 

5) fast charging station: 915 observations 

Note: In this study, charging occasion refers to the situation when PEV user can charge (i.e., every car trip end). Thus “no charging occasion” is 

taken into consideration, and was set to the baseline response category. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

It should be noted that the updated response, y ∗
it 

, is a result of taking random effects out and is applied to fit the CHAID

probabilistic decision tree again. In other words, it is the effort to minimize the between-individual variance in longitudinal

data used for training the tree classifiers. This procedure iterates until convergence, which is measured by changes in the

deviance information criterion (DIC). DIC is a Bayesian metric for model selection of hierarchical models, analogous to Akaike

Information Criterion (AIC) for non-hierarchical models as the models with smaller values are preferred ( Spiegelhalter et al.,

2002 ). The proposed algorithm is written in R ( R Core Team, 2015 ) and is available from the authors upon request. In

summary, the proposed algorithm can be listed as follows: 

Step 0 Set the estimated random effects, ˆ b i j = 0 , ˆ D = I q ( J−1 ) , and the number of iteration n = 0 

Step 1 Fit a CHAID-based tree to y it , if n = 0, otherwise to y ∗
it 

. 

Set n = n + 1 and extract the response probabilities, ˆ πCHAID 
i jt 

, from the estimated CHAID tree using Eq. (3) . Extract

a set of decision rules to be used in Step 2 as a fixed component, ˆ f j ( X i ) . 

Step 2 Fit Eq. (4) using Markov-Chain Monte-Carlo (MCMC) GLMM 

Extract ˆ b i j from the estimated MCMC GLMM. Update a response from the probabilities, ˆ πM CM C 
i jt 

, using Eqs. (9) and

(10) and set it to y ∗
it 

using Eq. (11) . 

Step 3 Repeat step 1 and step 2 until convergence, measured by �DIC. 

5. Illustration 

5.1. Charging station choice data 

To illustrate the suggested method for deriving dynamic (or longitudinal) decision trees with random effects that account

for the panel data structure, we collected longitudinal data on charging behavior of electric car users. A smartphone-based

prompted-recall survey constitutes the basis for the illustration. Smartphone app Sesamo was used to record plug-in electric

vehicle (PEV) users’ daily spatio-temporal activity-travel patterns. The survey was administered among 100 PEV users in the

Netherlands, who downloaded and activated the app, over a period of 3 months (from January 27, 2017 to April 28, 2017). It

resulted in observations for 4438 person-days and 23,998 person-trips of 73 users who activated the app at least fourteen

days consecutively. 

The app automatically tracks travelers and records their spatio-temporal activity-travel patterns, such as trip ori-

gins/destinations and departure/arrival time, using available sensors in the smartphone (GPS, Accelerometer, and Wi-Fi),

and infers activity type(s) and transport mode(s). Compared to state of the art imputation methods (e.g. Feng and Timmer-

mans, 2013, 2015; Xiao et al., 2016 ) the imputation is relatively simple. To compensate for the relative lack of accuracy,

travelers are frequently asked to confirm and if needed provide additional information about transport modes, locations and

activities. The user provided information is then used in combination with the GPS information to better infer transport

modes, activity types and locations as the app learns from multi-week traces. Details about the method can be found in

Geurs et al. (2015) . 

The application allows not only tracking trajectories but also asking respondents to provide answers to a set of questions.

We programmed the app such as to prompt respondents to confirm the automatically generated travel diary and correct it

when wrong at the end of each day. In addition, they were requested to answer questions about their charging decisions,

if any, at every car trip end. To reduce the amount of memory recall bias, we felt it was important to ask the charging

questions at the end of each trip. 

For the illustration, we focus on the decision tree dealing with charging station choice. This decision tree involves a

multinomial response from four different types of charging stations and the option of ‘No charging’. The alternatives include:

1) no charging, 2) private-charging station, 3) public-charging station, 4) semi-public charging station, and 5) fast charging

station. Each PEV user is considered as a cluster in the terminology of GLMM. The data are unbalanced in the sense that

the number of responses varies across clusters, and are imbalanced in that the number of observations across the response

categories is not equally distributed. Table 1 summarizes the descriptive statistics of the data used in this study. 
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Table 2 

List of variables. 

Variable Description 

Socio-demographic variable (individual-level) 

S1 Availability of private parking place 1: PEV user has an own driveway or garage for parking 

0: PEV user does not have a private parking place 

S2 Availability of private charging station 0: PEV user has own charging point at home, especially for PEV 

1: PEV user can charge a PEV with the aid of a standard AC outlet 

at home (Level 1 charging) 

2: PEV user cannot charge at home 

S3 Availability of charging station at 

workplace 

0: PEV user can charge a PEV at his/her workplace, especially for 

PEV 

1: PEV user can charge a PEV at his/her workplace with the aid of 

a standard AC outlet (Level 1 charging) 

2: PEV user cannot at his/her workplace 

S4 Pay for charging at workplace 0: PEV user has to pay for charging at his/her workplace 

1: PEV user does not have to pay for charging at his/her workplace 

2: PEV user does not charge at his/her workplace 

S5 Gender 1: PEV user is male, 0: PEV user is female 

S6 Age of PEV user in quintiles 0: [27,44], 1: (44,48], 2: (48,51], 3: (51,58], 4: (58,76] 

S7 Education level 0: Elementary School, 1: Lower vocational education 2: Lower 

general education, 3: Medium level general education 4: Medium 

level vocational education, 5: Higher level vocational education, 

6:University, 7: otherwise 

S8 Work status of PEV user measured by 

number of working hours 

0: More than 30 h, 1: 12–30 h, 2: Less than 12 h, 3: Does not work 

S9 Personal annual income (in euros) 0: 0, 1: (0, 7500], 2: (7500–15,000], 3: (15,000–22,500], 4: 

(22,50 0–30,0 0 0], 5: (30,0 0 0–50,0 0 0], 6: > 50,0 0 0 

S10 Number of vehicles in the household 0: 1, 1: 2, 2: (2,3], 3: (3,6] 

S11 Number of household members 0: 1 (single household), 1: 2, 2: (2,4], 3: (4,5], 4: (5,7] 

Time-varying travel-related variable (observation-level) 

T1 PEV type for the charging occasion 0: if Battery Electric Vehicle (BEV), 1: Plug-in Hybrid Electric 

Vehicle (PHEV) 

T2 Travel time of a trip to the location of 

charging occasion (in minutes) 

0: [1,6.10], 1: (6.10,11.23], 2: (11.23,20.67], 3: (20.67,37.17] 4: 

(37.17,228.33] 

T3 Average travel speed of a trip to charging 

occasion (in km/h) 

0: [0,7.2], 1: (7.2,10.1], 2: (10.1,13.9], 3: (13.9,19.4], 4: (19.4,161] 

T4 Travel distance of a previous trip to 

charging occasion (in km) 

0: 0, 1: (0,1.62], 2: (1.62,4.98], 3: (4.98,20.45], 4: > 20.45 

T5 Travel distance of a trip to charging 

occasion (in km) 

0: [0,2.30], 1: (2.30,5.13], 2: (5.13,13.14] 3: (13.14,34.03], 4: > 34.03 

T6 Travel distance of a next trip to charging 

occasion (in km) 

0: 0, 1: (0,1.59], 2: (1.59,4.64], 3: (4.64,17.24], 4: > 17.24 

T7 Transport mode used for a previous trip to 

charging occasion 

0: Auto, 1: Train, 2:Bus, 3: Bike, 4: Walk, 5: Metro, 6: Tram, 7: 

Taxi, 8: Other, 9: First trip 

T8 Transport mode used for a next trip to 

charging occasion 

0: Auto, 1: Train, 2:Bus, 3: Bike, 4: Walk, 5: Metro, 6: Tram, 7: 

Taxi, 8: Other, 9: Last trip 

T9 Main purpose of a previous trip to 

charging occasion 

0: Only for charging, 1: Work or school activity, 2: In-home activity 

3: Grocery shopping, 4: Non-grocery shopping, 5: Bring or get 

persons or goods, 6: Service or private business, 7: Social activity, 

8: Leisure activity, 9: Waiting, 10: Other activities, 11: Unidentified 

T10 Main purpose of a trip to charging occasion Same as T9 

T11 Main purpose of a next trip to charging 

occasion 

Same as T9 

T12 Total stay percentage at previous location 

(in percent) 

0: 0, 1: (0,0.6], 2: (0.6,22.5], 3: (22.5,67.6], 4: (67.6,92.6] 

T13 Total stay percentage at current location 

for charging occasion (in percent) 

0: 0, 1: (0,0.6], 2: (0.6,23], 3: (23,67.6], 4: (67.6,92.6] 

T14 Distance from home location to current 

location (in km) 

0: [0,1.86], 1: (1.86,4.82], 2: (4.82,14.04], 3: (14.04,37.34],4: > 37.34 

T15 State-of-battery before charging occasion 

(in percent) 

0: Low [0,33], 1: Medium (33, 66] 3: High (66,100] 

 

 

Two broad sets of variables were considered: socio-demographics and time-varying travel-related variables, as shown in

Table 2 . To apply the CHAID tree induction method, all continuous predictors were categorized in quantiles, based on the

distribution of the data. 
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Table 3 

Model specifications. 

Model Fixed-effects com ponent Random-effects com ponent Auto-correlation 

1 – – –

2 Node Indicator ∗ CHAID outcome Random intercept –

3 Node Indicator : CHAID outcome Random intercept –

4 Node Indicator ∗ CHAID outcome Random intercept AR-1 

5 Node Indicator : CHAID outcome Random intercept AR-1 

Note: 1. Model 1 is a null model which is the standard CHAID. 

2. A ∗B indicates main effects and their interaction (A + B + A × B), while A:B indicates an interaction 

term without main effects (A × B). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

5.2. Simulation design 

The proposed algorithm is applied to the following specifications of MCMC GLMM. 

1. The model with/without random effects 

2. The model with different specifications of the fixed effects 

a. Terminal node indicator ∗ CHAID outcome (2 main effects + 1 interaction effect) 

b. Terminal node indicator: CHAID outcome (only interaction effect) 

3. The model with/without autocorrelation within individual. 

First and foremost, the models with and without random effects are com pared. To consider the unobserved heterogeneity

between individuals, a random individual-specific intercept is introduced (i.e., b ij = b ij 1 ), which is referred to as the random

intercept model. In other words, it is assumed that the heterogeneity between individuals across repeated measures only

shifts upward or downward by an individual-specific fixed amount. For the random intercept model, Z i is the T i × 1 vector

of ones. Secondly, different specifications of fixed effects are considered. By taking the interaction between the CHAID out-

come and the terminal node, the relationship between the CHAID outcome and the unique probability distribution is tested.

Thirdly, the models with and without autocorrelation within individuals across repeated measures are considered. While

the occurrence of autocorrelation, or serial correlation, can be evaluated on the covariance structure of errors, R i , in LMM as

in Eq. (1) , it is not the case for GLMM. Rather, we introduce a lagged dependent variable into the model ( Kitamura, 2008;

Wooldridge, 2010; Chatterjee, 2011 ), which results in the following equation. 

ηi jt = 

ˆ f j ( x it ) + 

t−1 ∑ 

l=1 

y i jt−l β jl + z it b i j , j = 1 , . . . , J − 1 , t = 1 , . . . , T i (12)

where, y ijt − l denotes the choice made at l previous state associated with current choice j , and β jl is the effect of the past

choice l time period ago on the current choice. We postulate a first-order autoregressive (AR-1), most common form of

autocorrelation, thus use y ijt − 1 β j 1 for the second term on the right hand side of Eq. (12) . Given the high computation costs

of model estimation due to the iterative algorithm with a Bayesian estimation of the parameters, the autocorrelation effect

is considered only for the models with the random effects. Table 3 summarizes the model specifications for the simulation.

In terms of setting parameters for the CHAID tree induction method, alpha significance levels of the best possible split

and merge are set to 0.05, while the tree stops growing if the number of observations at the terminal node is less than

N / 100, where N is the sample size of the training data set. For the MCMCglmm , all models were run for 11,0 0 0 draws

with a burn-in period of 10 0 0 and a thinning interval of 10. This means the posterior mean values were calculated from

the posterior distribution of every single draw from 10,001 to 50,0 0 0, which results in a sample size of 40,0 0 0. In order to

avoid the autocorrelation issue during the MCMC sampling, the model estimates at convergence were diagnosed using the

trace and autocorrelation plots. 

5.3. Simulation results 

For all models, the iterative process of the proposed algorithm was continued until | �DIC| < 10. As a goodness-of-fit

measure, the probabilistic theta is used which is given by ( Arentze and Timmermans, 2005 ), 

e = 

∑ 

p 

Pr ( t → p ) 
∑ 

j 

Pr ( j| p) Pr ′ ( j| p) = 

∑ 

p 

(
f p 

n 

)∑ 

j 

(
f jp 

f p 

)2 

(13)

where e is the probability of correctly predicting the choice for any given observation t in the same sample, Pr( t → p ) is

the probability that t belongs to terminal node p , Pr( j | p ) is the probability that choice j is observed in cases belonging to

terminal node p and Pr ′ ( j | p ) is the probability of predicting j in those cases. Given that the probabilistic action-assignment

rule has been used, the predicted and observed probabilities are same (i.e., Pr ( j| p ) = Pr ′ ( j| p) ). n is the total number of

cases, f p is the number of cases at terminal node p and f jp is the number of cases at terminal node p with observed choice
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Table 4 

Model summary. 

Model N. iterations at convergence N. decision nodes N. terminal nodes e 0 e e incr 

1 – 21 29 0.453 0.768 0.577 

2 23 17 21 0.453 0.956 0.908 

3 26 11 16 0.453 0.975 0.948 

4 30 7 10 0.453 0.980 0.959 

5 26 9 15 0.453 0.976 0.956 

Table 5 

Posterior mean estimates of random effect variances (baseline category: no charging). 

Model 2 Model 3 Model 4 Model 5 

Random effects (at iteration 1) 

ˆ σ 2 
indi v idual: pr i v ate ch ar ging 

3.152 3.110 3.369 3.549 

(1.55,4.87) (1.56,4.65) (1.69,4.64) (1.94,5.32) 

ˆ σ 2 
indi v idual: public charging 

1.541 1.509 1.490 1.174 

(0.35,2.45) (0.42,2.35) (0.36,2.90) (0.37,1.83) 

ˆ σ 2 
indi v idual: semi −public charging 

0.521 0.500 0.527 0.744 

(0.17,0.82) (0.20,0.99) (0.15,0.97) (0.26,1.30) 

ˆ σ 2 
indi v idual: fast charging 

2.237 2.274 2.678 2.609 

(0.64,3.39) (0.69,3.88) (0.66,4.99) (0.65,4.30) 

Random effects (at convergence) 

ˆ σ 2 
indi v idual: pr i v ate ch ar ging 

0.355 0.347 0.255 0.195 

(0.12,0.63) (0.16,0.60) (0.14,0.40) (0.11,0.29) 

ˆ σ 2 
indi v idual: public charging 

0.223 0.314 0.397 0.322 

(0.12,0.41) (0.12,0.52) (0.14,0.68) (0.17,0.49) 

ˆ σ 2 
indi v idual: semi −public charging 

0.263 0.218 0.249 0.403 

(0.12,0.45) (0.11,0.33) (0.10,0.42) (0.19,0.66) 

ˆ σ 2 
indi v idual: fast charging 

0.246 0.413 0.291 0.311 

(0.12,0.39) (0.13,0.74) (0.14,0.45) (0.17,0.47) 

Note: 95% highest posterior density (HPD) intervals are in parentheses. HPD interval is the 

Bayesian analogue of a confidence interval. The error variance is fixed at certain value for 

the non-Gaussian response ( Hadfield, 2016 ). The baseline category is set as “no charging”. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

j . By comparing e with that of a null model, e 0 , which only consists of the root node, it is possible to measure the relative

performance of each model by its e incr . 

e 0 = 

∑ 

j 

Pr ( j ) Pr ′ ( j ) = 

∑ 

j 

(
f j 

n 

)2 

(14) 

e incr = 

e − e 0 
1 − e 0 

(15) 

It should be noted that e incr indicates the increase in likelihood as a ratio of the maximum increase that is possible given

the null model. Thus, this indicator is comparable to the (log) likelihood ratio commonly used as a measure of goodness-of-

fit for discrete choice models. 

Table 4 provides the summary of the model results based on the training dataset ( N = 9873). All models successfully

converge after some iterations. The number of decision nodes and terminal nodes in the tree are noticeably reduced when

the proposed algorithm is applied. Incorporating the random effects (Model 2–Model 5) results in a marked improvement

in model fit over the standard CHAID (Model 1), as well as more interpretable results with fewer predictors. In other words,

a significant amount of heterogeneity among PEV users may exist in the data. The inclusion of temporal autocorrelation

(Model 4, Model 5) also results in a better model fit although not significant. 

Table 5 presents the estimated variance components at the first iteration and at convergence. The values reported are

the elements of the estimated covariance matrix ˆ D . Note that the total variance explained by the random effect drops

significantly at convergence. In addition, the share of explained variance at the first iteration is similar across models (in

order of private charging, fast charging, public charging and semi-public charging), but this weakens with an increasing

number of iterations, and eventually the share of variance differs from the uniform distribution at convergence. 

To determine whether the model successfully converged using MCMCglmm , a time series of the parameter for the MCMC

iterations can be diagnosed. If the time series, a trace of the sampled posterior, does not show a trend, one can conclude

that the Markov chain is well-mixed and the model reaches convergence ( Hadfield, 2016 ). The left side of Fig. 2 present the

trace plots of the random effect variance of Model 5 at convergence, while the right side shows the corresponding posterior

density distributions. The trace plots show that the Markov chains appear to have reached a stationary distribution as no
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Fig. 2. Trace plot of the random effect variance of Model 5 at convergence: (a) private charging, (b) public charging, (c) semi-public charging and (d) fast 

charging. 

 

 

 

 

 

 

 

 

 

 

significant trends could be found. The posterior density plots show a unimodal, smooth posterior distribution, implying that

the desired stabilization and convergence of the parameters are met. 

5.4. Predictive performance on out-of-sample data 

For the out-of-sample prediction, dynamic decision trees may be applied to two different cases. There can be a situation

when we predict the future events for individuals observed in the sample (i.e., observation-level prediction). Alternatively,

we may need to predict the future events for new individuals who are not observed in the sample (i.e., individual-level

prediction). For the latter case, since the random effects covariates, Z i j , are not observable, the random effects, b i , are set to

zero for new individuals. Hence, the performance between the models with and without random effects will be comparable

if the sample size is large enough so that the fixed effects component, f j ( X i ), is well estimated. For the predictive accuracy

test in this study, we considered the former case, so that the data is split into the set for training (75%) and the test set

(25%), while the number of individuals is kept constant. 

To evaluate the predictive performance of the classification tree, one can rely on measures for binary classifiers. The

most commonly used are accuracy, sensitivity and specificity derived from the confusion matrix, which cross-tabulates the
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Fig. 3. Estimated CHAID tree structure (Model 1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

observed and predicted responses. 

Accuracy ( Acc ) = 

T P + T N 

T P + T N + F P + F N 

(16) 

where TP, TN, FP and FN denote the number of true positives, true negatives, false positives, and false negatives, respectively.

However, this measure may yield biased results for multi-class classification problems (i.e., more than two response

classes) if the data represent an imbalanced class distribution ( Kautz et al., 2017 ). We considered several performance mea-

sures, which overcome this limitation. The balanced accuracy, F1-score and G-mean, which are, respectively, the arithmetic

mean of sensitivity and specificity, the harmonic mean of sensitivity and precision, and the geometric mean of sensitivity

and precision, have been proposed to that end. Cohen’s Kappa measure is also a useful metric to assess the performance

of the multi-class classifier, while compensating for the measured prediction accuracy merely by chance (i.e., random accu-

racy = 

( T N+ F P )( T N×F N )+( F N×T P )( F P×T P ) 

( T P+ T N+ F P+ F N ) 2 ) ( Ben-David, 2007 ). 

Balanced accuracy ( BAcc ) = 

Sensit i v it y × Speci f icity 

2 

= 

1 

2 

(
T P 

T P + F N 

+ 

T N 

T N + F P 

)
(17) 

F 1 − score = 

2 × Sensit i v it y × P recision 

Sensit i v it y + P recision 

= 

2 × T P 
T P+ F N × T P 

T P+ F P 
T P 

T P+ F N + 

T P 
T P+ F P 

(18) 

G − mean = 

√ 

Sensit i v it y × P recision = 

√ 

T P 

T P + F N 

× T P 

T P + F P 
(19) 

Cohen ’ s Kappa ( κ) = 

Accuracy − Random accuracy 

1 − Random accuracy 
(20) 

The predictions were obtained from a total of 100 different draws based on the predicted response distributions from

the fitted trees. Table 6 provides the results of the performance comparison between the models. The overall performance

measure is calculated as the average of the alternative-wise measures. When comparing the accuracy (Acc) with other per-

formance measures tuned for the imbalanced data problem, significant adjustments have been made for the response al-

ternatives with few observations (e.g., alternative 3 and 4). In addition, it seems no overfitting occurs since no significant

drops are seen in most of the measures between the training and test sets. 

Compared to the standard CHAID tree (Model 1), the trees with the random effects (Model 2 – Model 5) show better

performance for out-of-sample prediction, even for smaller tree sizes. The results show that the proposed algorithm im-

proved model parsimony and its interpretability by taking unobserved heterogeneity and autocorrelation within individuals

into account. Overall, Model 5 shows the best predictive performance for both training and test data. 
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Fig. 4. Estimated CHAID tree structure (Model 5). 

Table 6 

Predictive accuracy of the models. 

Model Alt Training set ( N = 9873, I = 73) Test set ( N = 3290, I = 73) 

Acc BAcc F1-score G-mean κ Acc BAcc F1-score G-mean κ

1 1 0.884 0.876 0.907 0.907 0.753 0.886 0.879 0.907 0.907 0.759 

2 0.827 0.764 0.638 0.638 0.525 0.822 0.756 0.635 0.635 0.518 

3 0.921 0.635 0.307 0.307 0.265 0.923 0.629 0.269 0.271 0.229 

4 0.970 0.567 0.146 0.146 0.130 0.972 0.558 0.143 0.145 0.129 

5 0.910 0.603 0.270 0.271 0.223 0.913 0.674 0.402 0.402 0.356 

Overall 0.903 0.689 0.454 0.454 0.379 0.903 0.699 0.472 0.472 0.398 

2 1 0.908 0.886 0.930 0.931 0.798 0.910 0.889 0.931 0.932 0.804 

2 0.860 0.796 0.696 0.696 0.606 0.855 0.787 0.690 0.691 0.595 

3 0.939 0.671 0.401 0.403 0.369 0.941 0.669 0.368 0.368 0.337 

4 0.978 0.511 0.042 0.048 0.034 0.977 0.535 0.109 0.121 0.099 

5 0.935 0.646 0.389 0.402 0.357 0.929 0.648 0.400 0.413 0.365 

Overall 0.924 0.702 0.492 0.496 0.433 0.922 0.706 0.499 0.505 0.440 

3 1 0.912 0.887 0.933 0.935 0.805 0.910 0.887 0.931 0.933 0.804 

2 0.869 0.784 0.692 0.696 0.609 0.858 0.770 0.675 0.681 0.586 

3 0.942 0.679 0.423 0.425 0.392 0.944 0.679 0.392 0.392 0.362 

4 0.978 0.531 0.096 0.107 0.088 0.978 0.561 0.177 0.192 0.168 

5 0.925 0.676 0.407 0.408 0.367 0.920 0.681 0.425 0.426 0.382 

Overall 0.925 0.711 0.510 0.514 0.452 0.922 0.715 0.520 0.525 0.460 

4 1 0.909 0.890 0.930 0.931 0.801 0.917 0.900 0.935 0.936 0.820 

2 0.856 0.803 0.698 0.698 0.603 0.859 0.808 0.712 0.712 0.618 

3 0.942 0.683 0.428 0.430 0.398 0.943 0.681 0.391 0.391 0.361 

4 0.978 0.528 0.090 0.101 0.081 0.977 0.524 0.080 0.091 0.071 

5 0.933 0.617 0.334 0.353 0.302 0.930 0.627 0.364 0.387 0.331 

Overall 0.924 0.704 0.496 0.502 0.437 0.925 0.708 0.496 0.503 0.440 

5 1 0.913 0.887 0.934 0.936 0.806 0.911 0.887 0.932 0.933 0.805 

2 0.862 0.786 0.688 0.689 0.600 0.851 0.773 0.672 0.675 0.577 

3 0.944 0.647 0.382 0.392 0.354 0.946 0.645 0.353 0.356 0.325 

4 0.978 0.659 0.342 0.342 0.331 0.976 0.642 0.311 0.311 0.299 

5 0.931 0.640 0.371 0.380 0.336 0.925 0.643 0.381 0.391 0.344 

Overall 0.926 0.724 0.543 0.548 0.485 0.922 0.718 0.530 0.533 0.470 

Note: The figures in the table indicate the mean value of the metrics over 100 draws. 
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Table 7 

Impact table: Model 1 and Model 5. 

Model 1 

Variable IS IS no IS private IS public IS semi − public IS fast MS no MS private MS public MS semi − public MS fast 

T15 9336.14 2848.86 3318.87 1496.92 450.33 1221.17 0.89 − 0.79 − 0.72 − 0.62 − 0.67 

T10 5374.50 484.22 1821.12 153.43 562.16 2353.57 0.52 0.06 0.07 0.03 − 0.02 

T13 3662.92 446.61 20 0 0.87 6.36 285.99 923.09 0.59 − 0.46 0.11 0.17 0.04 

T3 982.39 226.38 121.70 104.58 170.76 358.98 − 0.14 − 0.47 − 0.38 − 0.36 − 0.38 

T4 919.14 51.46 257.41 40.98 27.88 541.41 − 0.15 − 0.72 − 0.36 − 0.46 0.07 

T12 878.81 88.08 522.73 26.36 29.95 211.68 0.31 0.63 0.33 0.28 0.13 

T9 789.99 39.59 440.14 49.44 17.54 243.29 0.51 0.33 0.07 0.04 0.05 

S4 389.76 28.39 25.47 32.71 10.49 292.69 − 0.71 − 0.33 0.36 0.80 0.00 

S6 224.99 25.98 80.22 41.24 21.44 56.11 − 0.10 − 0.53 − 0.16 − 0.27 − 0.03 

T1 222.30 36.00 118.04 4.55 17.38 46.33 − 0.55 0.35 − 0.34 − 0.36 0.02 

S10 93.03 9.99 33.12 34.81 3.80 11.30 0.71 0.52 0.22 0.16 0.26 

S11 74.52 10.05 1.73 54.06 6.14 2.53 0.45 − 0.15 − 0.56 − 0.60 − 0.44 

Model 5 

Variable IS IS no IS private IS public IS semi − public IS fast MS no MS private MS public MS semi − public MS fast 

T15 10432.28 2906.00 4797.40 875.55 557.32 1296.00 0.88 − 0.81 − 0.65 − 0.55 − 0.61 

T13 5531.33 388.67 2502.38 494.28 193.23 1952.78 0.50 − 0.37 0.21 0.12 0.05 

T6 1908.62 176.34 888.39 47.93 495.00 300.96 − 0.67 0.30 − 0.49 − 0.46 − 0.52 

T4 888.92 51.99 233.10 25.05 33.03 545.75 − 0.46 − 0.93 − 0.71 − 0.81 − 0.12 

T2 810.44 189.26 120.21 146.81 98.32 255.83 − 0.47 − 0.64 − 0.70 − 0.68 − 0.71 

T1 255.91 54.31 153.42 6.43 4.22 37.53 − 0.73 0.27 − 0.57 − 0.56 − 0.22 

S6 114.29 9.84 37.35 15.71 13.19 38.20 − 0.04 0.16 − 0.96 − 0.55 − 0.55 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

6. Discussion 

This section discusses behavioral implications of the proposed method through the comparison of impact of condition

variables and dendrogram results with the standard CHAID. For the comparison, we consider Model 1 and Model 5, whereby

the training set ( N = 9873) is used for training, as examples. 

6.1. Impact of condition variables 

It is of interest to evaluate the quantitative effects of each condition variable on choice behavior, and thus to com-

pare the behavioral differences between the two models. However, one drawback of using rule-based systems for modeling

choice behavior, which are non-parametric, is that the complexity of the structures that are generated by a large set of

predictors often hinders their interpretation. To overcome this problem, we used the measures developed by Arentze and

Timmermans (2003) that quantify the magnitude and direction of the impact of condition variables on predicted choices.

The contingency tables derived from both Model 1 and Model 5 have full information on the impact of condition variable s

on choice outcomes. First, the measure used for the magnitude of the impact can be written as follows. 

I S s = D 

(
F s , F s 

)
(21) 

I S si = D 

(
F si , F si 

)
(22) 

where D ( ·, · ) is some measure of difference (e.g., Chi-square, the sum of absolute differences, likelihood, etc.) between

contingency tables. In this study, the Chi-square statistic is used for D. F s is the frequency table predicted by the model for

condition variable s , F s is the expected frequency table under the assumption that there is no impact of condition variable

s, F si is the frequency table predicted by the model for condition variable s on choice i , and F si is the expected counterpart.

As the equations imply, the first measure provides an indication of the overall impact of condition variable s on the choice

variable, while the second measure gives the impact on each choice alternative i . Note that the sum of the impact of s across

choice alternatives equals the overall impact (i.e., I S s = 

∑ 

i I S si ). 

Apart from the magnitude of the impact of condition variables, the direction of the impact is also of interest to re-

searchers. The measure for the direction of the impact can be described as, 

M S si = 

∑ J 
j=2 

(
f i, j − f i, j−1 

)
∑ J 

j=2 

∣∣ f i, j − f i, j−1 

∣∣ (23) 

where f i,j is the predicted frequency of choice alternative i under the j -th level of condition variable s , and J is the number

of levels of s . If the predictor has a monotonically increasing impact on choice alternative i, MS si equals 1 and if it has

a monotonically decreasing impact it equals −1. In all other cases (i.e., −1 < MS < 1), the impact of condition variable
si 



S. Kim et al. / Transportation Research Part B 111 (2018) 168–184 181 

Table 8 

Result of Model 5. 

Terminal node p Terminal node information Choice alternative j 

No 

charging 

j = 0 

Private 

charging 

j = 1 

Public 

charging 

j = 2 

Semi-public 

charging 

j = 3 

Fast 

charging 

j = 4 

1 ˆ f j ( X i ) 0 −1.181 5.189 −0.544 − 0.597 

n p = 161 n jp 1 1 158 0 1 

ˆ πCHAID 
i jt 

0.006 0.006 0.981 0 0.006 

2 ˆ f j ( X i ) 0 1.622 1.01 5.489 − 0.673 

n p = 123 n jp 0 3 2 118 0 

ˆ πCHAID 
i jt 

0 0.024 0.016 0.959 0 

3 ˆ f j ( X i ) 0 6.796 1.002 2.638 6.712 

n p = 118 n jp 0 54 1 2 61 

ˆ πCHAID 
i jt 

0 0.458 0.008 0.017 0.517 

4 ˆ f j ( X i ) 0 1.115 1.646 1.286 6.898 

n p = 245 n jp 0 0 2 1 242 

ˆ πCHAID 
i jt 

0 0 0.008 0.004 0.988 

5 ˆ f j ( X i ) 0 7.235 0.112 0.674 0.674 

n p = 1138 n jp 0 1130 2 3 3 

ˆ πCHAID 
i jt 

0 0.993 0.002 0.003 0.003 

6 ˆ f j ( X i ) 0 −1.407 5.642 1.16 0.924 

n p = 171 n jp 2 0 165 4 0 

ˆ πCHAID 
i jt 

0.012 0 0.965 0.023 0 

7 ˆ f j ( X i ) 0 0.822 0.349 1.088 6.74 

n p = 106 n jp 0 1 0 1 104 

ˆ πCHAID 
i jt 

0 0.009 0 0.009 0.981 

8 ˆ f j ( X i ) 0 4.994 0.31 −0.617 − 1.559 

n p = 126 n jp 1 124 0 1 0 

ˆ πCHAID 
i jt 

0.008 0.984 0 0.008 0 

9 ˆ f j ( X i ) 0 9.725 2.649 2.87 2.224 

n p = 718 n jp 0 718 0 0 0 

ˆ πCHAID 
i jt 

0 1 0 0 0 

10 ˆ f j ( X i ) 0 −8.022 −6.189 −5.888 − 6.178 

n p = 1565 n jp 1549 0 3 11 2 

ˆ πCHAID 
i jt 

0.99 0 0.002 0.007 0.001 

11 ˆ f j ( X i ) 0 −7.89 −6.196 −5.966 − 6.038 

n p = 1258 n jp 1240 2 5 4 7 

ˆ πCHAID 
i jt 

0.986 0.002 0.004 0.003 0.006 

12 ˆ f j ( X i ) 0 −7.771 −6.242 −5.703 − 6.702 

n p = 177 n jp 171 0 2 1 3 

ˆ πCHAID 
i jt 

0.966 0 0.011 0.006 0.017 

13 ˆ f j ( X i ) 0 −7.673 −6.203 −5.744 − 6.727 

n p = 655 n jp 654 0 0 1 0 

ˆ πCHAID 
i jt 

0.998 0 0 0.002 0 

14 ˆ f j ( X i ) 0 −7.805 −6.231 −5.811 − 6.822 

n p = 1189 n jp 1189 0 0 0 0 

ˆ πCHAID 
i jt 

1 0 0 0 0 

15 ˆ f j ( X i ) 0 −7.931 −6.272 −5.801 − 6.745 

n p = 2123 n jp 2103 1 8 11 0 

ˆ πCHAID 
i jt 

0.991 0 0.004 0.005 0 

Note: The predicted fixed effects on link scale for the baseline-category, ˆ f 0 ( X i ) , is equal to 0. 

 

 

 

 

 

 

 

 

 

 

s on choice alternative i is non-monotonous represented by the sign across the range of predictors. Note that MS si is only

informative for ordinal or binary condition variables, as it represents a coefficient of monotonicity of impacts across adjacent

categories; it is not meaningful for condition variables that are unordered polytomous. 

Table 7 provides the impact table for Model 1 and Model 5. The condition variables chosen by the models are listed

in order of decreasing impact on the choice variable (the first column). For both models, socio-demographic variables (S1–

S11) have a limited impact on charging station choice, while time-varying travel related variables (T1–T15) have significant

impact. This result indicates that the principles and heuristics underlying day-to-day charging station choice can largely

be understood in terms of the time-varying situational context rather than socio-demographic profiles of users. Especially,

State-of-battery (T15) is by far the most influential predictor for both models, and its impact varies across choice alternatives.

With regard to the direction of impact, the sign of MS si suggests a positive impact of State-of-battery (T15) on no charging

occasion ( MS no ), while the impact is negative on charging occasions ( MS private , MS public , MS semi − public , MS fast ). The signs are in

line with our expectation that high state-of-battery leads to a decrease in charging rate. Main purpose of a trip to charging
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occasion (T10) is the second most important variable for Model 1 with the highest impact on fast charging station choice.

The measure for the direction of this impact, MS T 10, i , has no meaning since main purpose of a trip is a purely nominal

variable. Interestingly, however, this variable no longer exists in Model 5. Moreover, six more condition variables included in

Model 1 were not chosen for Model 5. In descending order of impact, these are Main purpose of a trip to charging occasion

(T10), Average travel speed of a trip to charging occasion (T3), Total stay percentage at previous location (T12), Main purpose of

a previous trip to charging occasion (T9), Pay for charging at workplace (S4), Number of vehicles in the household (S10), Number

of household members (S11). Instead, Travel distance of a next trip to charging occasion (T6) and Travel time of a trip to the

location of charging occasion (T2) newly appeared with modest impacts in Model 5. 

6.2. Estimated tree structure 

Fig. 3 provides the standard CHAID tree (Model 1) fitted to the training data. The tree consists of 4 individual-level socio-

demographic variables (S4, S6, S10 and S11) and 8 observation-level time-varying travel-related variables (T1, T3, T4, T9,

T10, T12, T13 and T15). Each decision node in the decision tree, which consists of a set of decision rules, provides valuable

information describing charging station choice behavior of PEV users. Not surprisingly, the first split of the tree (root node)

is represented by State-of-battery (T15). More precisely, this variable acts as a proxy for charging or not charging. The high

State-of-battery (T15) (category 2: 66–100%) tends to delay PEV users’ charging activity. The second split of the tree is Total

stay percentage at current location for charging occasion (T13). The higher the value of this variable, the more likely a PEV

user is to charge at home. Understandably, charging station choice is also attributed to socio-demographic variables (e.g.,

presence of private charging station, presence of charging station at workplace), which define the characteristics of the PEV

user. 

Compared to the standard CHAID tree, the fitted tree of Model 5 as shown in Fig. 4 is reduced in size, and consists

of only 1 socio-demographic variable (S6) and 6 time-varying variables (T1, T2, T4, T6, T13 and T15). The reduced number

of socio-demographic attributes can be explained, as in the previous impact table, by arguing that a certain portion of

the between-individual variance is explained by the random effect. This is particularly evident for no charging dominant

terminal nodes in that 18 terminal nodes that split on category 2 of State-of-battery (T15) are reduced to 6 terminal nodes.

The trimmed tree structure is consistent with the results obtained for CART regression trees ( Hajjem et al., 2011; Sela and

Simonoff, 2012 ). 

Table 8 provides more detailed information about the terminal nodes of the tree of Model 5. Another important impli-

cation can be derived by comparing the degree of dispersion of the distribution at the terminal nodes of each tree. The

probabilistic action states of the standard CHAID tree are going to be deterministic when the proposed method is applied.

That is to say, the method significantly reduces the impurity of the terminal nodes. It gives more robust results in terms

of model uncertainty. An exception is terminal node 3 of Model 5 because the number of observations at the node reaches

its minimum value for further splitting (remember the minimum number of observations to split the node is set to N /100,

which equals 99 for the training set). 

7. Conclusions and future research 

One of the problems in the transformation of static computational process models of activity-travel behavior to dynamic

models is that the decision rules, captured in the probabilistic decision trees, have not considered the issue of repeated

measurement. In this paper, therefore, we suggested an approach addressing this problem, elaborating earlier work on re-

gression trees, and illustrated its application in the context of longitudinal data on charging station choice behavior of PEV

users., The predictive accuracy of the proposed approach suggests improved model parsimony and interpretability even for

small tree sizes. More importantly, the panel effects could be estimated. 

The paper is not without its limitations. Because the suggested approach is based on Monte Carlo processes, different

runs of the probabilistic decision rules will result in different outcomes. Hence, to assess the degree of uncertainty involved,

it is relevant to conduct an uncertainty analysis of the model. Also, for the present small-scale model, the use of Monte

Carlo simulation seems appropriate and feasible. Larger scale computational process models may, however, require faster

solutions. Applying scrambled Halton draws or Latin hypercubes as has been found beneficial for the Albatross model system

( Rasouli, 2016 ) may be further investigated. Moreover, the test of the proposed algorithm to the other nonparametric tree-

based classifiers with different sample sizes is recommended. 
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