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Abstract

Information obtained from travel behavior surveys is used to inform major policy decisions
affecting many people and industries. Such surveys are generally designed with minimizing respondent
burden in mind, thereby reducing the number of topics a single survey can address. Attitudinal variables,
although inarguably important to explaining behavior, are generally excluded from such surveys for that
reason among others. We demonstrate the possibility of using a small set of attitudinal statements to
adequately represent factor scores obtained from a much larger set. Specifically, we utilize a completed
factor analysis to identify “marker” (important) attitudinal items, apply a Random Forest approach to those
items to estimate (“impute”) the factor scores assuming that the other items are unavailable, develop vehicle
ownership models without and with the imputed attitudes, then compare the model estimation results and
their predictive power. Attitudes provide more information than traditional modeling variables by
themselves do, and particularly help predict zero-vehicle households better — likely because owning
vehicles is the norm in the study area (Georgia, USA), and the attitudes help identify the exceptions.
Comparing models with imputed attitudes to one using the original factor scores, those with imputed
attitudes predicted vehicle ownership with less accuracy, but better than the model without any attitudes.
This study shows that marker variables can successfully be utilized to add valuable attitudinal information
to otherwise conventional travel behavior models. We discuss the implications for future survey
development — specifically, the prospect that future surveys can include more attitudinal topics without
worsening respondent fatigue.

Keywords: travel behavior surveys, vehicle ownership, Random Forest, factor analysis
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1. Introduction

The explanation and prediction of travel demand is central to transportation planning, policy, and
research. A variety of methods are available for estimating travel demand: at one extreme are simple,
parsimonious models requiring little data, statistical knowledge, and computational power, while at the
other extreme are complex, advanced, data-hungry models requiring substantial computational resources.
Analysts must make tradeoffs to find the situationally-optimal balance between these two extremes.
Particularly in the context of real-world travel demand forecasting, models are often simplified by limiting
the number and kinds of variables that they account for. Such a decision has the benefits of reducing the
data collection burden and involving more straightforward models, at the cost of loss of realism and lack
of flexibility for dealing with a rapidly-changing landscape.

Attitudes comprise one type of variable that is commonly omitted from practice-ready travel
demand models (1). Conventional wisdom holds that attitudes are difficult to measure, and perhaps
impossible to forecast, rendering them unsuitable for inclusion. And yet, attitudes have long been a staple
in travel behavior research, invariably adding considerable explanatory power to models including them
(2). The present paper is the latest link in a chain of studies designed to address this dilemma (3,4).
Specifically, this research arc is exploring ways to make the inclusion of attitudinal variables into travel
demand forecasting models more practical. Earlier stages established the value of using machine learning
methods to impute (“transfer’’) missing attitudinal variables into the household travel survey datasets that
supply the data used to estimate regional travel demand models. Particularly, in preliminary investigation
Shaw (4) obtained very promising results by using just a few attitudinal statements, called “marker
variables” (MVs), to represent the information contained in a far larger set of statements.

The present paper continues that line of inquiry. Specifically, the goals of this paper are twofold:
first, to see how well we can predict factor scores (which were created from “numerous” attitudinal
statements) from a small number of MVs (“internal evaluation”); and second, to see how well the predicted
factor scores perform in a model of household vehicle ownership (“external evaluation”).

The rest of this paper is organized as follows. The following section briefly reviews the literature
on attitudinal MVs, as well as providing an overview of vehicle ownership (VO) models. Next, we explain
the data obtained from a 2017 statewide travel behavior survey, provide descriptive statistics for variables
used in the VO model, and describe the EFA results used in the data imputation process. The methodology
section discusses MVs particular to this line of research, attitude imputation via Random Forest, and the
multinomial logit (MNL) model applied to VO. Next, we present the results of the MNL VO model with
and without attitudes, as well as the VO prediction accuracy associated with different methods for predicting
attitudes. We then conclude by discussing the implications of MV prediction accuracy for practitioners and
researchers alike.

2. Literature review

Marker variables, specifically abbreviated surveys focused on attitudes, are numerous in the
psychology and health fields. A prominent example is using shortened versions of the Big Five personality
inventory (5). Within the field of transportation, there are fewer but pertinent examples. Cain et al. (6) took
a 120-item survey about pedestrian landscapes and created a 54-item version to measure physical activity.
Comparing the measures obtained from the full and abbreviated surveys, a strong correlation of 0.94 was
found. Cerin et al. (7) developed an abbreviated version of the Neighborhood Walkability Scale using the
correlation between the original scale and the Walk Score index (8), which was later validated as an
instrument for measuring neighborhood walkability (9). Shaw (4) further explores the efficacy of MVs in
several models of mode usage, finding that the models were significantly enhanced with the addition of
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attitudinal factor scores predicted from MVs. The attitudes improved the model fits for VO, ridesharing
usage, vehicle-miles driven, public transit usage, and bicycle usage. Because the present study also models
VO, we briefly review that subject.

To model VO, analysts typically turn to count models such as negative binomial and Poisson
models (10,11), or discrete choice models, whether ordered or unordered (12). Ordinal models assume that
the choices have a natural ordering, which certainly applies to different levels of VO, and are seen in many
studies (13-16). Unordered discrete choice models are often multinomial logit (MNL) or a variant (17-20).
Anowar et al. (12) gives a thorough review of several types of VO models. The variety of utilized models
can be attributed to each formulation having its own pros and cons. Here, we follow Bhat and Pulugurta
(21), who found that MNL models of vehicle ownership were preferable to ordinal response models because
they are less restrictive in nature.

Just as significant as the model form, the variables used in the model are also important.
Traditionally, VO is modeled using socio-economic variables (22-24). Some models have included built
environment effects (25,26). Though attitudes have been used to model VO in the past (25,27), they have
typically been quantified from factor-analyzing responses to a full set of attitudinal statements. When
conducting an exploratory factor analysis (EFA), typically each attitudinal construct, or factor, is associated
with three or more survey statements (items), thus entailing relatively larger data requirements than the MV
approach we propose in this research. Here, we hypothesize that MVs can be used effectively in a VO
model, and that the resulting model has better predictive accuracy than a model without attitudes altogether.

3. Data

The data consists of responses to the Georgia Department of Transportation (GDOT)-funded
Emerging Technologies Survey conducted from September 2017 to January 2018. This section includes
information relevant to the present study; more information can be found in Kim et al. (28). The survey
collected data on socio-economic characteristics of individuals and households, technology use, current and
future expected travel behavior, and general attitudes and preferences.

Respondents were recruited through invitations mailed to two groups of individuals. Each invitation
included a cover letter explaining the survey purpose as well as a paper copy of the survey, and provided
individual-specific access codes to the online version of the survey. The first group of individuals was a
geographically-stratified random address-based sample of 30,000 adults living in the 14 Metropolitan
Planning Organization areas of the state of Georgia. Approximately 1,800 responses were collected from
this group. The second group consisted of respondents to the Georgia subsample of the 2017 National
Household Travel Survey (NHTS) who indicated that they were willing to be contacted about future surveys
(29). From this group, approximately 1,500 responses were collected. Data cleaning removed observations
based on incomplete responses, surveys that were completed too quickly, flatlining (repeated answers
within blocks of questions), and failed attention checks. The latter were questions that directed the survey
taker to choose a specific response (e.g., “To confirm you’re really reading this, please select ‘strongly
agree’ here”). After cleaning the data, we retained 3,178 observations for this analysis. Table 1 includes
descriptive statistics of variables used in the VO model. The few missing responses within this dataset were
imputed using a meticulously tuned Random Forest algorithm. For example, of the 46 attitude statements
a respondent saw, a missing response to a single statement was imputed using that individual’s socio-
economic variables and responses to other statements.



1

O© 00O NO Ol WM

el ol =
wWN RO

Table 1 Descriptive statistics of the modeling variables (N = 3,178)

Variable Weighted Weighted std.
type Variable name Additional description average deviation
Continuous | Case weight 1 1.383
variables HH drivers Number of people in household 1.838 2.833
with a driver’s license
Activity density Population plus employment per 5.076 16.195
acre
Number of stores Number of stores within a mile 11.045 21.537
of home
Non-car alternatives | Attitude factor score -0.008 1.760
Pro-car owning Attitude factor score -0.032 1.901
Pro-suburban Attitude factor score -0.028 1.737
Modern urbanite Attitude factor score 0.132 1.716
Count
(unweighted) | Weighted share
Categorical | MPO tier:
variables Non-MPO Residential location is not 200 0.171
within an MPO region
Small MPO region with population 801 0.135
less than 200,000
Midsize Non-Atlanta MPO region with 1148 0.182
population greater than 200,000
Atlanta Base category in MNL model 1029 0.512
Annual HH income:
Less than $50K Base category in MNL model 996 0.420
$50K to $100K 1162 0.317
More than $100K 1020 0.263
Dependent | Vehicle ownership
variable category:
0 Base category in MNL model 78 0.054
1 822 0.330
2 1270 0.335
3+ 1008 0.281

An exploratory factor analysis (EFA) was used to identify underlying relationships among several
attitudinal items. For this study, EFA condensed correlated responses to survey items on transportation
mode preferences, residential location, technology, travel, time-use, and comfort with other people. The
result of using this method on these items is shown in Table 2. Because the EFA results are readily available
from an existing report and for brevity, we refer readers to Kim et al. (28) for details. The rest of this
subsection is dedicated to explaining the essence of the factor analysis and how it is applied to this MV
research. From the initial 46 statements, the analysis resulted in a 15-factor solution based on principal axis
factoring with an oblimin rotation and using 38 statements (after discarding those not loading heavily on
any factor, or comprising the only strongly-loading item on a factor). Bartlett scores were calculated for
each factor. For this research, the four factors expected to be most relevant to VO were selected, and one
MV for each factor is identified in Table 2.
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Table 2 Exploratory factor analysis results

Pattern matrix | Marker
Factor Statement loading®® variable

Non-car I like the idea of walking as a means of travel for me. 0.666 Yes
alternatives I like the idea of bicycling as a means of travel for me. 0.628

I like the idea of public transit as a means of travel for me. 0.336
Pro—car- | definitely want to own a car. 0.748 Yes
owning I am fine with not owning a car, as long as | can use/rent one —0.576

any time I need it.

I like the idea of driving as a means of travel for me. 0.535

As a general principle, I'd rather own things myself than rent 0.404

or borrow them from someone else.
Pro-suburban | I prefer to live in a spacious home, even if it’s farther from 0.609 Yes

public transportation or many places I go to.

I see myself living long-term in a suburban or rural setting. 0.387
Modern I like the idea of having stores, restaurants, and offices mixed 0.417 Yes
urbanite among the homes in my neighborhood.

My phone is so important to me, it’s almost part of my body. 0.350
Tech-savvy Learning how to use new technologies is often frustrating for —-0.866

me.

I am confident in my ability to use modern technologies. 0.801
Commute My commute is a useful transition between home and work (or 0.677
benefit school).

My travel to/from work (or school) is usually pleasant. 0.579

I wish I could instantly be at work (or school)—the trip itself —-0.428

is a waste of time.
Work-oriented | At this stage of my life, having fun is more important to me -0.572

than working hard.

I'm too busy to have as much leisure time as I'd like. 0.527

It’s very important to me to achieve success in my work. 0.298
Materialistic T usually go for the basic (“no-frills) option rather than paying —-0.565

more money for extras.

The functionality of a car is more important to me than the —-0.431

status of its brand.

| would/do enjoy having a lot of luxury things. 0.426

| like to wait a while rather than being first to buy new —-0.357

products.

| prefer to minimize the amount of things | own. —0.341
Polychronic | prefer to do one thing at a time. —0.834

I like to juggle two or more activities at the same time. 0.697
Pro- Cost or convenience takes priority over environmental impacts -0.914
environmental | (e.g., pollution) when | make my daily choices.

I am committed to an environmentally friendly lifestyle. 0.481
Pro-exercise The importance of exercise is overrated. —0.669

I am committed to exercising regularly. 0.663

Family/friends play a big role in how I schedule my time. 0.612
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Family/friends | It’s okay to give up a lot of time with family and friends to —0.468

-oriented achieve other worthy goals.

Waiting- Having to wait is an annoying waste of time. —0.831

tolerant Having to wait can be a useful pause in a busy day. 0.533

Travel liking | generally enjoy the act of traveling itself. 0.618
I like exploring new places. 0.593

Sociable I consider myself to be a sociable person. 0.563
I’m uncomfortable being around people I don’t know. -0.507

Note: Among the four factors of interest, the highest-magnitude correlation is 0.41 between non-car alternatives and

pro-car owning

2 Oblimin rotation; ® Statements with loadings lower than 0.30 are suppressed (with an exception near that threshold for

the work-oriented factor)

4. Methodology

4.1 Overview

Figure 1, adapted from Shaw’s (4) Figure 4.1, depicts a schematic of our general approach to
imputing missing (attitudinal) variables using machine learning. We use the superscripts C to denote
variables that are common in both datasets and U to denote variables that are unique to each dataset.
Suppose that in the “donor” dataset D, there exists an outcome of interest 0, which was calculated using
variables Y% and Y}Y. Suppose there is another, “recipient”, dataset Dy, having some variables in common
with D, but not enough variables to calculate Oy because it is missing variables that are unique to Dy, (i.e.
Y}Y). The goal of this approach is to develop a transfer process t using fp, a function trained using common
variables X§ and Y% to predict Op, and then applying that function to the common variables X§ and Y to
predict the outcome Og. The “enriched” dataset D is the result of applying the transfer process tp =
{0p, fp(X5, Y5 )} and now containing a prediction O = f5(X§,Y¥) .

Particularized to the present study, the donor dataset D;, contains socio-economic variables X5 and
XY, a list of attitudinal items Y5 and Y} used in a factor analysis to quantify attitudes related to
transportation, and the attitudinal factor scores 0j,, calculated from Y5 and Y}V (see Section 3.1). We want
the recipient dataset D, to contain factor scores Og, but this dataset does not contain all the attitudinal items
needed to calculate them. So, we develop a transfer process z, using the variables that are common to D,
and Dy to predict Og. In the transfer process for this study, our learning function f;, is a Random Forest
model. Further, to avoid potential downstream endogeneity issues associated with using other variables
(X§) in the training function, we explore the accuracy of the transfer process supposing that only the
common attitude items (MVs) Y5 and Y are available for f;,. We assess that accuracy through examining
the closeness of the predicted scores to the original scores (internal evaluation), and then assess the efficacy
of the predicted (imputed) factor scores in a vehicle ownership model (external evaluation).

In Section 4.2 we describe the transfer process with specific details. The description preserves the
generality of Figure 1, but the present study departs from convention in one important way: for this proof-
of-concept stage, the donor, recipient, and (ultimately) enriched datasets are the same (Dp = Dg = Dg). In
future research, the two samples will be entirely different.
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Donor dataset Dp Recipient dataset Dy Enriched dataset D;;»

p = {0p, fp(X5,Y5)}

g = {GR'fD(X}%‘rYRC)}

Figure 1 Schematic of the relationships among the various datasets used in this methodology, adapted
from Shaw’s (4) Figure 4.1

x5 xy 1YY |Ys |op -+ X5 | xy | vé — X5 | XY YE | O

4.2 Developing the transfer process to impute attitude scores

The EFA described in Section 3 uses the most information in quantifying attitudes given a set of
attitudinal statements, which are later used as explanatory variables in the MNL model described in the
next subsection. However, the purpose of this research is to highlight the applicability of MVs for attitude
score imputation. To investigate their efficacy, we use two methods of attitude score imputation in the
transfer process. The first method simply standardizes the quantified MV responses and uses them directly
to represent the factor scores. Utilizing the original coding of item responses (1 = strongly disagree, 2 =
disagree, ..., 5 = strongly agree), we transformed the four MVs to each have a mean of 0 and standard
deviation of 1.

The second method is the machine learning-based transfer function approach sketched in Section
4.1, here operationalized with a non-parametric, data-driven Random Forest model. For brevity, we refer
readers to Biau and Scornet (30) for the formulation and specifics of Random Forest. This model employs
multiple decision trees, which use numeric cutoff points to predict an outcome. The steps below describe
the development of the transfer process. The steps are also visually summarized in Figure 2.

Step 1. Factor analyze the attitudinal items in the entire pooled sample, with the resulting (Bartlett) scores
treated as the “observed attitudes” Op seen in Figure 1. Based on the factor analysis, identify the
marker variables from among the full set of attitudinal items — generally the one or two highest-
loading items on each factor. We selected the single highest-loading items from four specific
factors, as shown in Table 2. These MVs correspond to Y.

Step 2. Train the transfer function f;, using the donor dataset Dp,, in this application only with Y;5. In this
study, Random Forest models are developed using the following substeps.

Step 2a. Partition the dataset into “training” (80% of the total sample) and “test” (the remaining 20%)
datasets with the marker variables Y5 as explanatory variables (features) and attitude scores
as the dependent variable (target). Importantly, each attitude score produces a different
Random Forest model, each experiencing its own hyperparameter tuning process.

Step 2b. Using the training dataset, for a given attitude calibrate the Random Forest model f;, by
completing a grid-search with 10-fold cross-validation for each point on the grid, using
hyperparameter values “variables to try” ntry € {1,2,3,4} and “number of forests”
nforests € {100, 200,300, ...,1000}. The combination of grid search values that
minimized root mean squared error (RMSE), averaged over the cross-validation process, was
taken as the best set of hyperparameters. Beyond this combination, there is a greater
possibility of overfitting the model on the training dataset and making it less accurate for out-
of-sample prediction. RMSE is defined by Equation 1, where Op; is the observed attitude
score of person i in the donor set Dy, Op; is the predicted attitude score, and N is the total
number of observations within the training dataset. This is the first internal evaluation. If
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satisfied with the calibrated f;, model (i.e. relatively low RMSE), compute cor(Op;, Op;) as
another benchmark, and move on to the next substep. Otherwise, continue model calibration
efforts until a satisfactory model is obtained.

N (O —0n)
RMSE = j21=1(0m Obi) Equation 1

N

Step 2c. Conduct the second internal evaluation by using the calibrated f;, to predict attitude scores
for the test dataset, and measuring the correlation and RMSE between predicted and observed
attitude scores to determine if overfitting is an issue. If it is evident (from substantial
degradation in correlation and RMSE) that there is overfitting, re-evaluate the chosen
hyperparameters until the model satisfactorily predicts test-sample data; otherwise, move to
the next step.

Step 3. Now, we apply f;, to the recipient dataset Dy, using its marker variables Y to predict O and to
create Dy. In the present study D, Dg, and Dy, are the same data.
Step 4. Estimate the vehicle ownership models with MNL (see Section 4.3).

Step 4a. (On Dg) Estimate a vehicle ownership model with no attitudes and only X5. This model
represents the lower-bound benchmark, for comparison with the models in the next three
substeps.

Step 4b. (On Df) In addition to X§, estimate a vehicle ownership model with standardized marker
variable responses Yy .

Step 4c. (On D}) In addition to XS, estimate a vehicle ownership model with predicted attitude scores
Og.

Step 4d. (Only possible with Dj) Estimate a vehicle ownership model with observed attitude scores
0p, and X5. This represents the upper-bound benchmark, for comparison of the models in the
previous two steps to a model containing the most informed quantification of attitudes.

Step 5. Complete external evaluation by comparing these models with respect to interpretability, goodness
of fit (GOF), and predictive accuracy.

For each of the marker variables, the best number of predictors to try was three and best number of
trees to “grow” was 100. With the hyperparameters decided, the remaining 20% of observations
(approximately 650) are used as a test dataset to inspect if the model is overfitting. The results are shown
in Figure 3. They indicate that the models do not have an overfitting problem, as the test dataset correlations
and RMSE are close to the training dataset values, and past this hyperparameter combination the test-data
RMSE gets worse. Figure 3 also reports Pearson’s correlation and RMSE between the EFA Bartlett scores
and standardized MV responses. This latter RMSE is again calculated with Equation 1, where Oy is now
the standardized MV. As expected, MVs with higher-magnitude loadings (Table 2) generally have higher
correlations with the calculated factor scores, and attitude pairs with higher correlations have lower RMSE.
In general, the correlations are quite good, at about 0.8 or higher for three of the four, and 0.6 for the
urbanite factor.
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Step 4. Model vehicle ownership with D and Dp***

+++ Because Dp, Dg, and Dy are the same, the MNL models serve as benchmarks to compare a vehicle ownership
model without attitudes, a model with attitudes imputed by standardizing the MVs, a model with fp imputed
attitudes Og, and a model with the observed attitudes Op.

Step 4a. No attitudes Step 4b. Standardized attitudes Step 4c. fp imputed attitudes Step 4d. Observed attitudes

Explanatory variables:
X C
R

Explanatory variables:
X§ & STD(Y§)

Explanatory variables:
X§ & Og

Explanatory variables:
X5 & Op

Vehicle Ownership

Vehicle Ownership

Vehicle Ownership

Vehicle Ownership

Step S. Complete external evaluation by comparing these models with respect to
interpretability, goodness of fit, and predictive accuracy.

Figure 2 Transfer process specific to this study
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Figure 3 Correlations and root mean squared errors between observed and imputed factor scores

4.3 Multinomial logit for modeling vehicle ownership

Multinomial logit (MNL) is a model widely used across many disciplines. For brevity, we explain
the key components of the estimation process for MNL and refer readers to Train (31) for more details. In
the MNL model, each alternative receives a latent score referred to as “utility,” based on a linear-in-
parameters combination of explanatory variables. U, the utility of person i for alternative j € {0, 1, 2, 3+}
vehicles, is a function of a vector of explanatory variables X;, a vector of parameters (i.e. model
coefficients, including an alternative specific constant) B; (to be estimated), and error term ¢, assumed to
be independently and identically Gumbel distributed (Equation 2). The coefficients are estimated to
maximize the log-likelihood of all the observed choices, as described by Equation 3 and Equation 4. To
uniquely identify the estimated parameters, we select the 0-vehicle alternative to be the reference category,
for which all weights including the alternative specific constant are constrained to equal 0.

11
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Uijj = XiBj + €

Equation 2
exp(X;p;
P(person 1's choice = j) = P;,(j) = 55 Ul Equation 3
Sne1 €6 (Xifm) q
N J
Log-likelihood LL(B) = z Z yi; In(P:())), Equation 4
i=1j=1

where y;; = 1 if person i chose alternative j, and O else. We then predict the probabilities of person i falling
into a VO category and calculate the success index (used to compare the accuracy of predictions across
models) shown in Equation 5. The success proportion is the sum of predicted probabilities of observations
who actually choose that alternative divided by the sum of probabilities of an alternative being chosen over

all observations, % The success index is the success proportion normalized by the observed share

of that alternative, (%) Thus, a success index less than 1 indicates that the model does not predict this

alternative’s adoption even as well as a naive market-share prediction would, and the greater than 1 the
success index is, the better the model predicts adoption compared to the market-share prediction.

B

By

: Lo Equation 5
Success index of alternative j = g

5. Results

Four MNL models are estimated on the full sample (see Section 4.2), and their results are shown
in Table 3 and Table 4. All models contain the same household and residential location variables, with three
of them containing four additional attitudinal explanatory variables. Each model uses a different measure
of attitudes: the standardized single item approach, Random Forest-imputed scores based on four MVs, and
the original EFA Bartlett scores. In this section we first compare the substantive results, and then the fit
statistics and predictive power, of the four models.

In all models, consistent with prior research, household characteristics play an important role,
highlighting the importance of the number of drivers and household income to determining vehicle
ownership. The trend of coefficient values matches our intuition for these variables. Indicated by the
positive and statistically significant coefficient values, the probability of owning any vehicles increases as
the number of drivers increases. And as the number of drivers increases, the probability of owning more
vehicles also increases. This is indicated by the increasing values of coefficients as the number of household
vehicles increases. The same can be said for the household income categories. Relative to the base category
of household income less than $50K, the probability of owning more vehicles increases as household
income increases. Interestingly, for the no-attitudes MNL model the coefficient in the 1-car alternative for
income greater than $100K has a lower value than the coefficient for incomes between $50K and $100K,
while the same does not hold true for the model with attitudes. This may indicate that the attitudes are
capturing some of the heterogeneity that is attributed to high income in the no-attitudes MNL.

Residential location variables are also included in these models. Relative to the Atlanta MPO, the
probability of owning any vehicles decreases as the MPO region gets smaller, except for non-MPO (rural)
areas. That is, all else equal, the probability of owning any vehicles versus not owning vehicles is not
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significantly different between Atlanta-region residents and rural residents. This may be because the
household and land use characteristics capture the impact that non-MPO designation represents. The
negative coefficient values for small and midsize coefficients may be explained by these areas having less
activity diversity relative to the Atlanta MPO, thus a lower need for vehicles to visit fewer activities. The
other residential location variables, activity density (i.e. population and employment per acre) and the
number of stores within a mile, show intuitive results. The negative coefficients show that as both increase
the probability of owning vehicles decreases, with the coefficient values becoming more negative as the
vehicle category increases.

The inclusion of imputed attitudes in Models 2 and 3 appears to add substantial conceptual content.
In these models, all attitudes are statistically significant at the 0.05 level or better except for urbanite (the
least-well-predicted attitude among the four) in most instances, and the signs of the coefficients are as
expected. In Model 4, using the “observed” attitudes, all four are statistically significant (although relatively
weakly so for urbanite), and signs are as expected. In this model, as a person’s positive attitude toward non-
car alternatives and identification with being a modern urbanite increase, the probability of owning vehicles
decreases. Conversely, as a respondent’s positive attitudes toward car ownership and pro-suburban
lifestyles increase, the probability of owning vehicles increases. In general for the observed attitudes, their
coefficient magnitudes increase, meaning that their impact is amplified, as the number of vehicles increases.
This pattern does not universally hold for Models 2 and 3 (with estimated attitudes), however. For example,
in those two models, coefficients of the pro-car and pro-suburban attitudes do not monotonically increase
with the number of vehicles.

Beyond providing a richer narrative, model fit statistics also show modest improvement once
attitudes are included. Specifically, McFadden’s adjusted p? (which penalizes models with more
parameters) increases by about 4%, from 0.367 to 0.381, between Model 1 and Model 2. Interestingly, there
is virtually no difference in the goodness of fit of Models 2 (MVs only) and 3 (Random Forest-imputed
attitude scores). Even more interesting, however, is that there is only a negligible difference between those
two models and Model 4. Thus, at least in this study, the implications are that the inclusion of a handful of
well-chosen attitudinal items (four, in our case) can convey essentially the explanatory power embodied in
(a) estimated factor scores obtained from the development and application of a complex machine learning
algorithm; and (b) “observed” factor scores computed from a much larger (38, in our case) set of items.

Beyond McFadden’s p? fit measures, the success indices in Figure 4 summarize the predictive
power of the four models. Higher values mean more accurate predictions for vehicle ownership. The table
shows that incorporating attitudes makes the greatest improvement in the prediction of owning zero
vehicles, where the addition of even the standardized MV responses (Model 2) and machine learning-
predicted attitude scores (Model 3) bring noticeable improvement over not having any attitudes at all. This
seems quite natural, because 0-vehicle households are probably the most heterogeneous of the four VO
categories, combining households who own zero vehicles by choice with those who own none by necessity.
Accordingly, predicting 0-vehicle households more accurately may require the use of attitudes, since
variables such as income and residential location characteristics do not capture this heterogeneity.

Similar to McFadden’s adjusted p?, the success indices also indicate that Model 2’s predictions,
using only the standardized Likert-type responses to the original MVs, did about as well as, and sometimes
(notably for VO = 0) better than, Model 3’s predictions, using the Random Forest-predicted attitude scores.
Furthermore, we see again that on all success indices, Model 4 does only negligibly better than Models 2
and 3. These results reinforce the conclusion that neither elaborate imputation schemes nor lengthy batteries
of attitudinal items in surveys may be needed so long as appropriate MVs are chosen.
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Table 3 VO Models 1 and 2 results: without attitudes, and with standardized attitudinal items (MVs) (N = 3,178)

1. NO ATTITUDES

2. STANDARDIZED ATTITUDINAL ITEMS

vVoi=1 VO =2 VO =3+ vor=1 VO =2 VO =3+
Rob. Rob. Rob. Rob. Rob. Rob.
Coefficient Value Stderr| Value Stderr| Value Stderr| Value Stderr| Value Stderr| Value Stderr
Alt. specific constant 0.615 0.45 | -2.510~~+ 0.49 |-5410~~+ 0.53 0.571 0.47 |-2.679~+ 052 | -5.649~+ (.56
No. of household drivers 1980+ 0.29 | 4.000++ 0.31 | 5.140== 0.33 | 2.142= 0.32 | 4.206~ 0.34 | 5.342+ 0.35
Annual household income®: | 1.950+ 0.35 | 2.860* 0.37 | 3.350= 0.38 | 2.021=+ 0.36 |2.930~~ 0.38 | 3.436*= 0.39
$50K to $100K
Annual household income: 1.440~  0.52 | 2.890= 052 | 3.420=+ 0.53 | 1.928+=+ 0.46 | 3.549~ 0.47 | 4.064~~ 0.48
> 100K

MPQO°®: non-MPO -0.016  0.28 0.042 031 | 0624 033 | -0.180 030 | -0.134 0.33 0.404 0.35
MPO: small -0.892++ 0.26 |-1.050=+ 0.30 | -0.735« 0.32 |-1.098+= 0.28 |-1.322+ 0.32 | -1.070~ 0.33
MPO: midsize -0.843=++ 0.24 | -0.826= 0.27 | -0.695« 0.30 |-0.916=+ 0.26 | -0.942= 0.29 | -0.837= 0.31
Activity density -0.033== 0.01 |-0.050++ 0.01 |-0.079~ 0.02 |-0.029+= 0.01 |[-0.043= 0.01 | -0.062+= 0.02
Number of stores -0.047==  0.02 |-0.098++ 0.02 |-0.122=+ 0.02 | -0.038« 0.02 |-0.086=+ 0.02 | -0.108+= 0.02
Attitude: non-car alternatives -0.420+= 0.10 |-0.479* 0.12 | -0.618+=+ 0.12
Attitude: pro-car ownership 0.208~ 0.07 | 0.574~+ 0.09 | 0.408~+ 0.11
Attitude: pro-suburban 0.365+~+ 0.10 | 0.323= 0.11 | 0.536+= 0.12
Attitude: urbanite 0.006 0.11 | -0.083 0.12 -0.134 0.13
Log-likelihood of equally- -4405.643 -4405.643
likely (EL) alternatives
model
Final log-likelihood -2763.534 -2687.875
McFadden's p? (EL 0.373 0.390
benchmark)
McFadden's adjusted p? 0.367 0.381
(EL benchmark)

* p-value < 0.05, ** p-value < 0.01, *** p-value < 0.001; ® Reference alternative is 0-vehicle household; ® Base category is annual household income < $50K; ¢ Base category is Atlanta MPO

region
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Table 4 VO Models 3 and 4 results: Random Forest attitudes imputed with only MVs, and observed attitudes (N = 3,178)

3. RANDOM FOREST IMPUTED ATTITUDES

4. OBSERVED ATTITUDES

VOr=1 VO=2 VO =3+ VOor=1 VO =2 VO =3+
Rob. Rob. Rob. Std Rob. Rob. Rob. Std

Coefficient Value Stderr| Value Stderr| Value err Value Stderr| Value Stderr| Value err
Alt. specific constant 0.627 0.47 | -2.643= 0.51 | -5.600+~+  0.55 0.612 0.47 |-2.710~~ 051 | -5.720~+  0.56
No. of HH drivers 2.068=~+ 031 | 4153+ 0.33 | 5287+  0.34 | 1.990~+ 0.31 | 4.090~ 0.33 | 5.240% 0.34
Annual household income®: | 1.958++ 0.36 | 2.853**  0.38 | 3.340* 0.39 | 2.100==+ 0.39 | 2.980% 0.41 | 3.460+ 0.42

$50K to $100K
Annual household income: | 2.000~+ 0.48 | 3.627~ 0.48 | 4.115~+  0.49 | 2.180~ 0.50 | 3.830* 0.50 | 4.370* 0.51
> 100K

MPQO¢®: non-MPO -0.163  0.30 -0.109 0.34 0.419 0.35 -0.138 0.30 | -0.077 0.33 0.459 0.34
MPO: small -1.045%  0.28 | -1.260=+ 032 | -1.009~  0.34 |-0.934+» 0.28 |-1.130~~+ 0.32 | -0.853* 0.34
MPO: midsize -0.888++ 0.25 | -0.903~ 0.29 | -0.799+ 0.31 |-0.854= 0.26 | -0.885+ 0.29 | -0.773 0.31
Activity density -0.028+ 0.01 | -0.042+==+ 0.01 | -0.058+~=  0.02 | -0.027=~ 0.01 [-0.037= 0.01 | -0.053+* 0.02
Number of stores -0.038« 0.02 | -0.087++ 0.02 | -0.109*+  0.02 -0.028 0.02 |-0.075++ 0.02 | -0.096+* 0.0
Attitude: non-car alternatives| -0.504=  0.11 | -0.538~+ 0,13 | -0.655~+  0.14 | -0.296*~~ 0.10 | -0.267~ 0.11 | -0.381=  0.11
Attitude: pro-car ownership | 0.246=<  0.08 | 0.674~=  0.10 | 0.580*** 0.11 0.402+=  0.07 | 0.806* 0.10 | 0.817** 0.10
Attitude: pro-suburban 0.365*  0.13 | 0.292%+  0.14 | 0.577** 0.15 0.332=  0.11 | 0.396* 0.12 | 0.521%* 0.13
Attitude: urbanite 0.126 0.12 0.003 0.14 -0.045 0.15 -0.209+  0.10 | -0.286* 0.11 | -0.396*  0.11
Log-likelihood of equally- -4405.643 -4405.643
likely (EL) alternatives
model
Final log-likelihood -2688.466 -2684.081
McFadden's p? (EL 0.390 0.391
benchmark)
McFadden's adjusted p? 0.381 0.382

(EL benchmark)

* p-value < 0.05, ** p-value < 0.01, *** p-value < 0.001; * Reference alternative is 0-vehicle household; ® Base category is annual household income < $50K; © Base category is Atlanta MPO region
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Figure 4 Success indices of the various models containing different levels of attitude inclusion

6. Discussion

Consistent with numerous previous studies (2), our results support the usefulness of attitudes for
explaining travel behavior. From Tables 4-5 and Figure 4, containing the model and predictive results, the
addition of four attitude variables generates notable improvements in model fit statistics and predictive
accuracy. Even when attitude scores are only imputed rather than observed, and even when they are imputed
with only a few MVs, vehicle ownership predictions are still more accurate than a similar model without
them. We discuss some implications of these results below.

Using MVs, there is less of a need to measure a comprehensive set of attitudinal items, when scores
on the underlying constructs can be estimated with fewer items than were needed to derive them. The first
phase of this research required data on 38 attitudinal items, which, using EFA, were condensed into scores
on 15 factors. Selecting only four items allowed us to predict VO with improved accuracy over a model
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that included no attitudes (see Figure 4 results). Further, the methodology demonstrated in this study can
be extended to identify multiple sets of MVs from different donor surveys, each set designed to predict
different behaviors (see Figure 5). For example, the results of VO (behavior A) and mode choice (behavior
B) models, which each include measured attitudes from fully informed EFA solutions, could be used to
determine which MVs to use when collecting new data, without the need for an excessively large section
of attitudinal items in the recipient sample survey. Over time, the profession may identify a more or less
standard set of MVs having versatile utility with respect to a number of common travel behaviors, but we
would consider standardization to be premature without substantially more experimentation taking place
first.

Donor dataset Dy, Tp1 = {Opy, fo1 (X51. Y51 )}

Tp1 = {ORl’fD:L(Xm: YRCl)}

Recipient dataset Dy Enriched dataset Dy

Cl Ul Cl Ul
XDl XDl l/Dl YDl ODl

1 Cc2 1 C2 u 1 C2 1 C2 u
Donor dataset D, —I— Xg" | Xg"| Y&~ | Ye© | X& XR™ | Xg"| Yg~ | Y&° | Xr | Og1 | Orz

XCZ XUZ YCZ YUZ 0
il Rl Il el R Tn2 = {Op2. o2 (X532, Y52 )}

Trz = {Oga: fp2 (XCZrYRCZ)}

Figure 5 Obtaining MVs from multiple surveys, to predict multiple behaviors

In addition to the possibility of combining several abbreviated surveys for future data collection
efforts, this MV analysis also demonstrates the efficacy of using standalone items in travel behavior models
to represent attitudes that are usually described with several items. The standalone item responses
performed generally as well as, and in the 0-vehicle household predictions, better than, the Random Forest-
predicted attitudes did. A benefit of the MV selection process is identifying the items that best represent the
underlying attitudes, analogous to machine learning algorithms capable of providing feature importance
information. Therefore, a strong relationship between item and attitude can likely be used to make more
accurate VO predictions (in lieu of unavailable fully informed attitude scores) while maintaining a clear
model interpretation.

An important caveat to this line of argument, however, is to beware the reification fallacy, that is,
“believing our own labels”. Even with a fully-informed factor analysis identifying, say, 10 factors, with the
literature-advised (32) 3 — 6 statements strongly associated with each factor but with all (say) 40 items
contributing richness and texture to the resulting scores, it is all too easy to imbue a factor with the meaning
that the analyst wants/expects it to have, beyond the meaning that can be attributed to its most strongly-
loading items. It is even easier to do so when a factor is imputed from a set of (say) 10 MVs (only one or
two of which will be strongly associated with it, but all of which are, again, contributing to the imputed
score), and easiest of all to do so when only a single standardized item is used to represent a factor. In the
latter case, the “factor” can technically not be assumed to represent anything beyond the specific content of
the item itself. Nevertheless, well-designed items should not be dismissed solely because they are singular
(33,34) — after all, we include non-attitudinal singular variables in models all the time, and in many cases
they are just as much “markers” of some more complex causal influence (and interpreted as such) as
attitudinal items would be. Surely, including a small set of carefully worded single attitudinal items in a
model can usefully explain more variation in behavior than excluding them altogether would do!

Though these results yield novel insights, more research is needed to demonstrate its effectiveness
in different contexts. A limitation of this study is that the MV process was used with a single sample rather
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than applied across altogether different donor and recipient samples. Future research can explore the
transferability of MVs across two important dimensions: spatially and temporally. In the spatial sense, the
formulas generating attitudinal factor scores, or even the highest-loading items informing those scores, may
not be constant across different geographic areas. For example, the order of items that load most strongly
onto the pro-car owning attitude may not be the same between highly urbanized and highly rural areas.
Similarly, they may not be the same over time. On the other hand, although we may not expect strong
spatial or temporal transferability of factor structures (i.e. factor loadings, and thence factor score
coefficients), we might well expect stronger stability of the marker variables themselves. In other words,
the same set of MVs could be efficacious in a large number of contexts, suggesting yet again that simply
including MVs directly in the model may be preferable to undergoing elaborate procedures to simulate
scores that may not be nearly as reliable across settings. Even so, however, we should not expect a
“standard” set of MVs to apply across very different cultures, at least not without considerably more
experimentation than has occurred to date.

Continuing the investigation of the machine learning approach to attitude imputation, however,
another avenue of future research is investigating how large a donor dataset needs to be to estimate training
functions that effectively generate out-of-sample, MV-imputed attitudes. Another line of inquiry is to
expand the set of MVs beyond the minimal four used in the present study — e.g. choosing one MV for each
of the 15 factors in Table 2 —to allow MVs for other factors to inform the imputation of scores on the target
attitudes, as they already do in a standard EFA.

7. Conclusions

By estimating multiple MNL models using varying “intensities” of attitude measurement, we
demonstrate that (a) a model with attitudes is a better predictor of vehicle ownership than a model without
them and (b) even when the attitudes are imputed using only responses on four items, models with imputed
attitudes predict reasonably well compared to the model using the observed attitude scores. This shows that
the approach can be an effective tool to approximate attitudes that can be used later in the modeling process.
It also suggests that MVs from several donor datasets can be used to develop a survey that has a fraction of
the attitudinal items needed to develop a factor analysis from scratch and yet produce a similar result with
respect to explanatory power. As this research continues to expand, we acknowledge the limitations of the
present study and suggest directions for future research. Specifically, we recommend applying the MV
framework to different donor and recipient datasets, and investigating the spatial and temporal
transferability of attitudes.
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