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Abstract
Transferring trip rates to areas without local survey data is a common practice which is
typically performed in an ad-hoc fashion using household-based cross-classification
tables. This paper applies a rule-based method called decision tree to develop individuallevel trip generation models for eight different trip purposes as defined in the National
Household Travel Survey data (NHTS 2009) in addition to their daily vehicle miles
traveled (VMT). For each trip purpose, the models are then obtained by finding the bestfitted statistical distribution to each one of the final decision tree clusters while
considering the correlation between different trip purposes. The rule-based models utilize
several socio-demographic and land-use explanatory variables and are sensitive to
changes in demographics. The performance of the models are then tested and validated in
a transferability application to Phoenix Metropolitan Region. These models can be
employed in a disaggregate microsimulation framework to generate trips with different
purposes at individual or household level. They can also be used as an alternative
solution for trip generation step of a conventional four step travel demand model.
Keywords:
Data Transferability, Trip Rate, Decision Tree, Travel Demand, Vehicle Miles Traveled
(VMT)
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1. Introduction
Application of disaggregate data transferability methods for modeling household and
individual travel attributes is increasing for data simulation purposes especially in small
and medium sized cities. Detailed travel attributes like number of trips, distance traveled,
and modes used for each individual are critical requirements of any disaggregate travel
demand analysis (1, 2). Such disaggregate travel attributes are usually obtained from
costly travel surveys; however, data transferability approaches are seen as reliable
alternative solutions especially for smaller communities where data collection is more
costly and challenging. Data Transferability is broadly referred to any approach which
utilizes data or models from one context to generate data or models to be use in another
context (3). This can be used either in spatial context like generating a model or data for a
region on the basis of data that is obtained from another region or in a temporal context
like forecasting data for a region based on an existing data from the same region.
However, since transferability applications over the years have had mixed success results,
transportation community has been skeptical of transferring data. Therefore, any
alternative approach should be properly validated to ensure its appropriateness for the
specific application.
This paper attempts to present a robust transferability method which is based on
authors’ previous successful experiences with similar methods. The method
fundamentally applies a decision tree clustering analysis by using exhaustive CHAID
algorithm (18) for the variables of interest. The variables are number of individual daily
trips for different trip purposes and individual daily vehicle miles traveled. The models
for each trip purpose are devised in a way to account for the correlation with the other
trip purposes. The clusters are then fitted by the best probability distributions that can be
later used for simulation. The current data transferability method is validated using the
Phoenix-Mesa-Scottsdale region data where adequate number of observations were
available as part of the add-on dataset in NHTS 2009.
The rest of the paper is structured as follows. First an overview of the previous
studies on the topic of data transferability is presented. Then, various data sources that
were available in this study are discussed. Following that, supporting methodology for
model development is described and followed by testing results and a brief discussion
about validation of models and their goodness-of-fit. Finally, conclusion and future
research directions are discussed.
2- Background
Data transferability models are basically built upon data mining methods which can
explore the data and detect the interdependencies and correlations among variables (4, 5).
In the literature, various models have been proposed to transfer disaggregate
travel attributes using statistical methods. Mahmassani et al. (6) studied spatial
transferability of trip frequency at three levels: area wide, zonal and household levels, for
small urban areas in the State of Indiana. They compared cross-classified tables of trip
frequencies among urban areas and their distributions for different trip purposes across
different socio-economic groups. Walker and Olanipekun (7) used regression based
cross-classification to model trip generation in a spatial transferability application. For
the same application, Wilmot (8) used multiple linear regression models. Unlike the
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regression models that generate continuous results for discrete variables, Zhao (9) applied
discrete choice models to come up with discrete results which could also account for
more behavioral process of trip generation. Mahmassani and Sinha (10), Ben-Akiva and
Bolduc (11), Mohammadian and Zhang (2) used Bayesian Updating approach to transfer
spatial travel attributes. Mohammadian and Zhang (2) modeled trip rate and trip distance
per person with gamma distribution in a spatial transfer application. However,
assumptions for parameters of prior distribution in the Bayesian Updating approach add
to the uncertainty of validity of the updated results. Long et al. (12) applied Small Area
Estimation models to estimate household and census tract level travel characteristics like
number of work trips for small and midsize metropolitan areas where few travel samples
are available from various data sources. Small Area Estimation is referred to any
statistical approach that uses a larger data to estimate model parameters for a small area
where the sample size is too small. One of the limitations in their models is the
inappropriate distribution of the household level travel attributes that does not match with
the census tract level control total estimates.
The dependency between the travel attributes is another challenging issue which
has been typically ignored in the transferability models (13, 19). For example, the number
of recreational trips for an individual in a day might be dependent on the work trips for
the individual in that day. This means that modeling the number of daily recreational trips
and work trips independently could infer estimation bias to the results. There are
exceptional studies that have attempted to study disaggregate trip rates for different trip
purposes in the transferability context (14). Complexity of models, limited explanatory
variables, and lack of accurate disaggregate models are among other limitations of
transferability studies in the literature (2, 5). In an effort to improve the inefficiencies of
previous travel attribute data transferability models, Rashidi and Mohammadian (14)
presented household travel attribute models using an Exhaustive CHAID data mining
algorithm to address several of these limitations.
CHAID is a type of decision tree technique based upon adjusted significance
testing which can be used for prediction, classification and for detection of interactions
between variables. It is a data mining algorithm that classifies the data into homogeneous
clusters based on the dependent attribute variable. It can be used as an alternative to
multiple linear regression or logistic regression analysis especially when the data is not
appropriate for regression analysis. The Exhaustive CHAID has the same Splitting and
Stopping steps as the CHAID but the Merging step is more exhaustive than CHAID
algorithm. The splitting relies on the Chi-square test or F-test for either nominal
dependent variable or continuous dependent variable respectively. It is noteworthy to
mention that the modeling approach of this study is based upon assumption of continuous
dependent variables which is practical and common in modeling discrete variables.
Following the previous research by Rashidi and Mohammadian (14), this paper
applies Exhaustive CHAID algorithm with significant modifications compared to the
previous approach. The current study attempts to explore and discuss a more disaggregate
and policy sensitive individual-based data transferability approach by using a broad set of
socio-demographic and land use variables. Utilizing the most recent National Household
Travel Survey (NHTS 2009), the modeling approach of the previous data transferability
framework is further enhanced in the current work by using a wide range of probability
density functions (pdf) instead of only using normal/gamma distributions. Unlike the
4

previous study which was developed at household level, the models of this paper are
developed at individual level for more detailed trip purposes to better capture the
behavior of household members. Furthermore the models take in to account the
correlation between trip purposes in a directly sequential way versus the previous
research which assumed an order among trip purposes with independent generation of
trip rates for different trip purposes and the sequential subtraction of the rates from total
number of trips.
These modifications revealed salient improvements in the simulated results
compared to the results of the former data transferability approach, showing the
effectiveness of the refined modeling framework. Travel attribute variables, modeled in
this paper, include the total number of daily trips for eight different trip purposes as
defined in the NHTS 2009 dataset, and the daily vehicle miles traveled. A summary of
NHTS 2009 trip purposes are defined as work, school/religious/daycare, medical/dental
services, shopping/errands, meals, family personal business/obligations, recreation/social
and transporting someone. The return- home trips are not modeled in this study.

3. Data
National Household Travel Survey 2009 (NHTS) was the major data source for modeling
exercise of this study. The NHTS is the main authoritative data source for American
travel behavior which allows analysis of daily travel by all modes, characteristics of
people traveling, their households and their vehicles. Since our previous study (14) was
conducted on NHTS 2001; not only the new methodology but also the new NHTS dataset
(2009) was a real motive for this research. The data includes the national sample along
with the add-on data; however, in order to account for oversampling in the add-on areas,
NHTS 2009 has applied weighting factors to adjust the data. Table 1 shows the
explanatory variables used in this research. The variables are selected based on their
common association with trip generation. From trip purpose summary variable in NHTS
2009 dataset, it is interesting to note that shopping trips have the highest frequency by
including almost twenty percent of the records (after return-home trips which are not the
focus in this study). Ranked second in frequency, are recreation and social trips with
including 12 percent of the records. The next frequent trip purposes are work, meal,
transport, school/religious, family and medical trips respectively. Although total daily
work trips are less than daily shopping and recreational trips, for workers who are
approximately consisting half of the records, work trips are the most frequent daily trips.
For building the decision trees, final trip weight is applied to each trip record to adjust the
data.
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Table 1. Explanatory variables used in this study
Variable
Definition
Race of HH
respondent

Categories/Frequency Percentage
White

85%
Driver status of
the subject

Respondent age

Driver

Subject worker
status
Number of
drivers in HH
Derived total HH
income
Count of HH
members
Life Cycle
classification for
the HH
Count of HH
vehicles
Count of adults
at least 18 years
old

White and
African
American

Asian Only

Hispanic/Mexican

Other

6%

3%

2%

1%

3%

Not
Driver

91%

9%

<18

18‐30

30‐40

40‐55

55‐70

>70

6%

10%

27%

28%

15%

>4

13%
Respondent
gender

African
American

Male

Female

46%

54%

Worker

Not
Worker

57%

43%

0

1

2

3

4

22%

43%

7%

22%

3%
<10k $
6%

10k<
<20k
11%

20k< <30k

30k< <40k

12%

11%

40k< <50k
10%

4%
50k<
<60k
9%

1

2

3

4

5

6

>6

41%

17%

18%

8%

3%

2%

1 adult,
youngest child
0‐5

1 adult, youngest
child 6‐15

2+ adults,
youngest
child 6‐15

12%

2%

21%

1 adult,
no
children

2+ adults,
no
children

5%

20.5%

0

1

5%

27%

1 adult,
youngest child
0‐5

0.5%
2

3

4

5

41%

18%

6%

2%

2

3

4

>4

25.6%

62.8%

8.9%

2.3%

0.4%

0

1

2

>2

29%

34%

30%

7%

Less then
high
school
graduate

High
school
graduate

Some college or
Associate's
degree

Bachelor's
degree

Graduate Degree

8%

28%

28%

21%

15%

Size of urban
area
(Population)

50,000 ‐
199,999

200,000 ‐
499,999

500,000 ‐
999,999

1 million or
more without
subway or rail

1 million or more
with subway or
rail

Not in an
urbanized
area

14%

9%

8%

19%

11%

39%

Household in
urban/rural area

Urban

Rural

70%

30%

Highest grade
completed

7%

11%

1

Number of
workers in HH

60k<
<70k

6

>70k
36%

Others

40%
6

>6

0.5%

0.5%

In order to validate the transferability capability of the models, one of the NHTS 2009
add-on regions, the Phoenix Metropolitan Area was chosen with a sample size of more
than 4200 households. Table 2 shows the mean and standard deviation of the individual
travel attributes modeled in this study, both for the national and the Phoenix Metropolitan
Area. One of the advantages of the modeling methodology of this study is that trips that
are not frequently occurring during a day can also be modeled with an acceptable
prediction potential. Traveling to medical centers and attending family related meetings
are not frequent activities and modeling the occurrence of these types of activities
requires careful attention. It will be shown in the results section that the modeling
approach can acceptably estimate even these less frequent activities. Daily trips for
different purposes as well as vehicle miles traveled for each trip are extracted from the
travel day trip file which included 1,167,321 trip records. For analyzing each trip
purpose, the national observations are split into two divisions. Seventy percent of the
observations are randomly selected for the calibration and training purpose and the
remaining records are used to validate the model.
Table 2. Individual Travel attributes
Variable

Mean

S.D.

National

Phoenix

National

Phoenix

Number of Daily Family Trips
Number of Daily Meal Trips
Number of Daily Medical Trips
Number of Daily Recreational Trips
Number of Daily School/Religious Trips
Number of Daily Shopping Trips
Number of Daily Transporting-someone Trips
Number of Daily Work Trips (for workers)

0.16

0.09

0.49

0.34

0.33
0.09
0.53
0.21
0.86
0.25
0.9

0.36
0.04
0.46
0.24
0.44
0.29
0.85

0.58
0.32
0.85
0.48
1.2
0.71
1.06

0.6
0.22
0.75
0.5
0.83
0.78
0.96

Daily VMT

37.2

31.8

56.16

43.5

4. Methodology
The primary focus of this paper is on trip generation. Vehicle Miles Traveled (VMT) is
also modeled as a complementary part to the trip generation models. Eight different trip
purposes including work, school, medical, shopping, meal, family, recreation, and
transporting-someone trips plus VMT are modeled using Exhaustive CHAID rule based
data mining approach.
Data mining approaches have now been increasingly applied in diverse academic
fields for predicting purposes. Data mining is defined as an analytical approach used to
explore large datasets to achieve consistent and systematic interdependencies among the
variables. With the availability of storage of large datasets, data mining approaches are
gaining more popularity among researchers. Among data mining approaches are rule
based methods which construct the relationship between the dependent variable and the
independent ones over certain rules. Such rules cause the data to be categorized in a
number of clusters in a way that data in each cluster share homogenous attributes. Some
of the data mining methods applied for obtaining optimal decision tree are Chi-squared
Automatic Interaction Detector (CHAID) (20), Classification and Regression Tree
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(C&RT) (21), and Quick, Unbiased and Efficient Statistical Tree (QUEST) (22). In this
study exhaustive CHAID is utilized to obtain optimal decision trees. Exhaustive CHAID,
as a comprehensive data mining decision tree algorithm, recognizes the relationship
between the dependent variable and most significant independent variables efficiently
and helps the tree to grow branches based on distinguishing homogenous leaves. As an
example, if the number of daily work trips made by an individual as the dependent
variable is mainly dependent on the household size, the Exhaustive CHAID tree grows
with several branches of household size categories. In this study, number of daily trips is
modeled as a continuous variable; therefore, ANOVA F-test is used to calculate Fstatistic to test if means of branches are statistically different. It could be argued that
Decision Tree is a good alternative approach to conventional regression models since it
has the capability of modeling various categories of data.
As mentioned earlier, this paper attempts to model an individual’s trip rates per
day for eight different trip purposes. In order to do that, a number of socio-demographic
and land use explanatory variables are selected from NHTS 2009 dataset as the
explanatory variables. Counting daily trips has been considered as a common transferable
travel variable in some of the previous studies (2, 10). In order to consider potential
correlation among trip purposes, each trip purpose tree can first be clustered by the
previous modeled trip purposes meaning that to generate trips, a sequence among trip
purposes is assumed (14). This follows the traditional assumption of classifying trips into
sequence of mandatory, maintenance and discretionary trips. It is assumed that
mandatory trips including work and school are modeled first, then the maintenance trips
including family, shopping and medical are modeled by clustering on the basis of the
number of mandatory trips, and finally discretionary trips, meal, transporting someone,
and recreational trips are modeled conditional to the number of maintenance trips. The
proposed methodology maintains the correlation among various trip purposes. It is
noteworthy to remind that recent research suggests a dynamic activity planning process
and criticizes the assumption of fixed order of activity planning (15). Incorporating
dynamic order of activities in a trip rate transferability model would be a challenging
research and remains as a future task.
As noted earlier, the sequential decision tree models are developed on seventy
percent of the national trip file. Once the decision trees are developed, the distinguished
homogeneous clusters are fitted by the best distribution. The distribution fitting process is
performed by employing a statistical and mathematical package called EasyFit (23) to
test several probability density functions and selects the best fitted distributional forms.
In order to evaluate the quality of the fitting exercise, the Kolmogorov-Smirnov (K-S)
test (16, 17) is used. In this case, the K-S test is applied to examine whether the two
probability distributions (transferred and observed) are equal. A simulation code is then
implemented to generate number of trips for each one of the eight trip purpose categories
based on random number generation from the corresponding inverse distributions. These
simulated values are then summed up for each individual to be evaluated against the
observed total daily trips for the individual. For simulating the trip rates for the
mandatory trip purposes, the simulation code is executed directly while the trip rate
simulation for maintenance trip purposes requires the result of the mandatory trip rate as
an input. Subsequently, simulation of the trip rates for the discretionary trip purposes is
executed after the maintenance trip rate is obtained from the previous simulation step.
8

The rest of the paper presents the daily trip rates modeling results for each of the trip
purposes, total daily trip rates and eventually daily VMT model which are followed by
validation and goodness of fit section.
5. Model Results (Train and Test)
In this section, the daily trip rate decision trees for trip purposes are presented. Moreover,
an example of improving the trip rate models by using the best fitted distribution against
the simplified approach of using normal/gamma distribution is shown to emphasize the
importance of the presented methodology. Also, several decision trees for various trip
purposes are displayed and discussed. The decision trees are developed based on the
following three rules:
1) There must be a minimum number of 500 records in a child node and a minimum
number of 1000 records for the parent node.
2) Each tree is composed of maximum 4 depth levels.
3) P-value of 0.05 is considered as a test on the difference between the node mean
values.
Figure 1 presents the best fitted decision tree which is developed for the number
of daily work trips for employed individuals. For estimating the number of daily work
trips, variables of gender, driver status, age, household income and household life cycle
classification for an individual were found to be significant. The most significant variable
in forming a work trip is gender. On average, male individuals have higher daily work
trips than female individuals. Following that, being a driver is the next significant
variable in number of daily work trips. Driver individuals have significantly higher
number of daily work trips on average throughout the nation. An individual’s age is the
other significant variable. The national data shows that the middle group of age in the
range of 28 and 64 has the highest number of daily work trips on average for both
genders. It is interesting that female individuals under the age of 28 have higher average
daily work trips than female higher-aged group while male individuals under the age of
28 have almost the same average daily work trips than male higher-aged group. The tree
split stops at age variable for the non-driver individuals because the sample size for the
non drivers would be small; therefore, no further significant variable is detected. On the
other side of the tree which includes female driver individuals, Life Cycle is an important
variable while on the male driver individual side, household income plays an important
role. These clusters make sense because the female individuals who either have children
or live with their partners tend to have less work trips. On the male side, higher income
individuals make more daily work trips. It should be noted that after fitting distributions
to end nodes of the tree, it was found that majority of the best fitted distributions are
Gumbel Max while there are a few nodes with Normal and Logistic distributions.
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Figure 1. Decision tree clusters for work trip per day

Note: Life cycle classifications are defined as the following: (It seems that NHTS have included the retired workers who are still working.)
01 = one adult, no children
02 = 2+ adults, no children
03 = one adult, youngest child
04 = 2+ adults, youngest child
05 = one adult, youngest child
06 = 2+ adults, youngest child
07 = one adult, youngest child
08 = 2+ adults, youngest child
09 = one adult, retired, no
10 = 2+ adults, retired, no
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As can be seen in Figure 1, normal/gamma distributions are present as the best fitted
distributions in few terminal nodes. To further elucidate the significance of searching for the best
distribution at the terminal nodes, a simple analysis is presented. Figure 2 displays the daily work
trip model results based on the best fitted distributions of Figure 1 and the pre-assumed gamma
distribution. Gamma distribution is typically selected in the literature to avoid simulating
negative values (2). The validation results presented in Figure 2 are prepared by using the 30%
test data which was put aside for the validation purpose. The figures schematically show the
superiority of the new simulation approach and the best fitted distributions (as shown in Figure
1) over the simplified application of a pre-assumed gamma distribution.
Figure 2. Daily work trip models comparison between general gamma distribution (a), and best
fit distribution (b)

(a)

(b)

Similar modeling approach was undertaken to model the other seven trip purposes that
are reported in the NHTS 2009 dataset. Due to word count limitations only a selection of the
developed models are presented in complete detail. Figure 3 shows the details of the decision
tree model for the daily recreational trips for individuals. Since recreational trips are categorized
as discretionary trips, the tree is initially clustered by the total number of maintenance trips to
account for the possible correlation between recreational and maintenance trips. In a similar way,
the impact of mandatory trips is considered when maintenance trip trees are being generated and
the correlation between recreational and mandatory trips is considered in an indirect modeling
approach. Therefore, the interdependencies among trip counts for different trip purposes are
maintained through a sequence. The Exhaustive CHAID algorithm branches the tree into two
leaves by the number of maintenance trips either equal/less than one or more than one
recreational trips. In the next level, the tree is branched by driver status variable. Being a driver
comes out a significant variable in the number of daily trips for recreational trips as well as most
of the other trip purpose trees. If an individual drives, the higher number of daily trips by the
individual is expected which is consistent with common sense.
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Figure 3. Decision tree clusters for recreational trip rate per day.

Daily Recreational Trip
Count

Age > 21

Age <= 21

Age > 21

Age <= 21

Age > 21

MEAN= 0.51
S.D= 0.85
Gumbel Max Dist.

MEAN= 0.56
S.D= 0.93
Gumbel Max Dist.

MEAN= 0.43
S.D= 0.76
Gumbel Max Dist.

MEAN= 0.53
S.D= 0.80
Gumbel Max Dist.

MEAN= 0.32
S.D= 0.67
Gumbel Max Dist.

MEAN= 0.41
S.D= 0.86
Gumbel Max Dist.

MEAN= 0.25
S.D= 0.60
Gumbel Max Dist.

Age > 21

Age <= 21

Age > 21

Age <= 21

Age > 21

MEAN= 0.68
S.D= 0.94
Gumbel Max Dist.

MEAN= 0.52
S.D= 0.85
Gumbel Max Dist.

MEAN= 0.52
S.D= 0.84
Gumbel Max Dist.

MEAN= 0.41
S.D= 0.86
Gumbel Max Dist.

MEAN= 0.58
S.D= 0.96
Gumbel Max Dist.

MEAN= 0.27
S.D= 0.59
Gumbel Max Dist.

MEAN= 0.55
S.D= 0.89
Gumbel Max Dist.

MEAN= 0.26
S.D= 0.61
Gumbel Max Dist.

MEAN= 0.70
S.D= 0.98
Gumbel Max Dist.

Age <= 21
Age <= 21
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Age > 21
Age > 21

Age <= 21
Age <= 21

Household
Income =<25k
Household
Income > 25k
Household
Income =<25k
Household
Income >25k

Not Driver
Driver
Not Driver
Driver

Household
Income =<25k
Household
Income > 25k
Household
Income =<25k
Household
Income > 25k

Number of Daily
Maintenance Trips >1
Number of Daily
Maintenance Trips <= 1

Household income clearly has an impact on the number of recreational trips. Individuals
with higher household income have more resources to attend recreational and social events. This
fact can be observed in the terminal tree nodes. Finally, age is the final variable which is
significant in the number of daily recreational trips. Individuals under the age of 21 make more
recreational trips than the older group. All of the best fitted distributions for the final nodes are
Gumbel Max.
As mentioned earlier in the data section, shopping/errand trip is the most frequent trip
purpose among all people. Figure 4 displays the decision tree for the shopping trips. The tree
associated with shopping trip is initially clustered by the number of mandatory trips to consider
the correlation between the number of mandatory and shopping trips. It seems that the number of
shopping trips generally increases as individuals make more mandatory trips. This might be
caused by the higher opportunity for accomplishing maintenance activities when an individual
can chain trips. Like the previous models, being a driver directly affects the number of shopping
trips. For individuals who do not drive, age is the next significant factor. According to the
trained data, the individuals in the age group over 45 make the most daily shopping trips. The
middle age group and the teenager group are the next. It is intutive that an individual under 18
makes the least daily shopping trips on average because of less responsibility and wealth. For the
driver categories, it is important if the individual is a male or a female. Female individuals
generate significantly higher daily shopping trips. Life cycle classification is the next level that
shows association with number of shopping trips. Single female individuals usually generate
more shopping trips than the other female individuals probably because shopping trips are shared
with the partners for the latter group. On the other hand, single male individuals with no children
and retired male individuals generate more shopping trips than other males. All of the best
distributions are Gumbel Max for the terminal nodes.
Figure 5 shows the validation result for recreational and shopping trips as well as the
validation results of the daily trip rate for few other trip purposes that are modeled in the same
fashion as discussed earlier. To be concise, the decision trees for the other trip purposes are not
included in this paper; but the testing results of the trip purposes of medical, meal, family and
transport models are shown.
The result for the simulated recreational trips per day is consistent with the observed test
data. The testing result shows less than three percent over generating the number of 1 daily
recreational trip while underestimating the number of 2-3 daily recreational trips by less than
three percent. Although three percent of the total number of recreational trips could be a
significant error, still, the result shows significant improvements compared to the previously
proposed transferability models. The simulated and observed number of shopping trips are also
presented in figure 5. It seems that the simulated model slightly overestimates the number of zero
and one daily shopping trips and underestimates the number of two and three daily shopping
trips. However, such a small difference is limited to less than three percent of the total shopping
trips.
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Figure 4 Decision tree clusters for shopping trip rate per day.

Note: For Life Cycle classifications refer to the work decision tree figure.
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Figure 5. The results of simulated daily trip rates for various trip purposes versus the observed trip
rates over the test data
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Eventually, the total daily trip rates are tested over 5% of the total population (NHTS data)
and the result is presented in Figure 6. Trip rates for different trip purposes are calculated for each
individual from the developed models and then summed up to come up with the total number of
trips per day for an individual. Figure 6 shows an acceptable model simulation graph over the
observed data. The simulation slightly overestimates the number of zero and one total trips for an
individual and slightly underestimates the number of 2+ daily trip rates. The difference between
the simulated and the observed graphs is more apparent because of the aggregation error.
Although this is expected, the result shows an acceptable pattern. All the efforts so far have been
to graphically accept the models until later section of the paper which helps to statistically
validate the models.
Figure 6. Total daily trip frequency test result

Calculated trip distance for vehicle trips (VMT) per day is another variable which is
modeled for an individual. This variable is extracted from the travel day trip file; but, each record
represents the VMT associated with a special trip purpose for an individual; therefore, the travel
day trip file is aggregated to calculate the total VMT for all trip purposes. Figure 7 shows the
decision tree for individual-based daily VMT. After the individual’s gender which is the most
significant factor in determining VMT, urban or rural classification of the individual’s residential
location affects VMT. According to the data clusters, the average daily VMT for individuals
living in rural areas is higher than those living in urban areas probably because people in urban
areas are closer to locations of interest while rural residents need to drive further distances. It is
noteworthy that being a worker or not is also an important factor on the recorded daily VMT.
Being a worker is generally associated with higher VMT which does clearly make sense.
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Figure 7. Decision tree clusters for Individual daily VMT

Figure 8 illustrates the VMT cumulative distribution result for both of the observed and
simulated data. The maximum difference between the two graphs is within the first 50 miles
which is the range where most of the daily trips take place. Although a cumulative error
difference of less than 10 percent between the two graphs in some points could not be ignored, the
result is comparable with other transferability models for VMT. The VMT decision tree model
seems to slightly overestimate the individual daily VMT which needs to be addressed in future
work.
Figure 8. Individual daily VMT test result
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6. Transferability Application
One of the common applications of spatial transferability is to transfer data from a larger
geography to smaller regions, and to validate the performance of the transferred data in the new
context. In this study, the national decision tree models are applied to one of the NHTS 2009 addon regions, Phoenix Metropolitan Area. Phoenix was selected because a reasonable sample with
more than 4200 household records was available for validation purpose. The mandatory trip
models, including work and school trip, are first executed and the numbers are summed up as the
total number of mandatory trips for the individuals to be used by the maintenance trip models
which are medical, shopping and family trips. Then, the total number of maintenance trips is
summed up to be used by the discretionary trip models of recreational, transporting others, and
meal trips. Finally, the total number of daily trips for each individual is summed up and it was
compared with the observed data. Two-sample Kolmogorov–Smirnov test was utilized to test
whether the two underlying probability distributions of the transferred and the observed data for
so that:
all trip purposes are equal. In this case the K-S statistic is

;
is the cumulative distribution function for the observed data;
is the cumulative distribution function for the transferred data; and
sup x is the supremum of the set of distances.
It is clear that and are equal in this case because the number of transferred sample and the
observed one are equal. For conducting this statistical test, transferred and observed trip data for
various trip purposes were fitted by the best distribution with the help of EasyFit software and the
corresponding cumulative distribution functions were extracted to maximize the absolute value of
the subtraction function (
). Table 3 shows the K-S statistic results given the null hypothesis
that the observed and transferred distributions are similar. The hypothesis concerning the
distributional type is rejected at the selected significance level (0.05) if the test statistic,
is
bigger than the critical value taken from the K-S table. The values show that all of the test
statistics are smaller than the critical statistic meaning the null hypothesis regarding the equality
of the two distributions could not be rejected at the 0.05 significance level. This example could
show the capability of the tree models in transferring trip counts from a national level dataset to
smaller geographies like a metropolitan area.
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Table 3 Comparison of the observed and transferred distributions and their K-S statistics
Decision
Tree

Test
Statistic

n
(sample
size)

Critical Statistic
=1.36×((n+n')/nn')^0.5

Reject?

0.022

3868

0.031

NO

0.014

8139

0.021

NO

0.01

3946

0.031

NO

0.021

3945

0.031

NO

0.016

4521

0.029

NO

0.018

3945

0.031

NO

0.022

4521

0.029

NO

0.017

4521

0.029

NO

GAMMA DIST.
α = 2.52 β= 1.11

0.008

37406

0.010

NO

GAMMA DIST.
α = 0.47 β= 58

0.019

5477

0.026

NO

Observed
Distribution

Transferred
Distribution

GUMBEL MAX
DIST.
σ=0.84 μ=0.48
GUMBEL MAX
DIST.
σ=0.38 μ=0.01
GUMBEL MAX
DIST. σ=0.16 μ=
‐0.05
GUMBEL MAX
DIST. σ=0.65 μ=
0.08
GUMBEL MAX
DIST. σ=0.58 μ=
0.15
GUMBEL MAX
DIST. σ=0.27 μ= ‐
0.03
GUMBEL MAX
DIST. σ=0.60 μ=
0.06
GUMBEL MAX
DIST. σ=0.46 μ=
0.09

GUMBEL MAX
DIST.
σ=0.76 μ=0.41
GUMBEL MAX
DIST.
σ=0.38 μ=0.02
GUMBEL MAX
DIST. σ=0.17 μ= ‐
0.05
GUMBEL MAX
DIST. σ=0.64 μ=
0.19
GUMBEL MAX
DIST. σ=0.61 μ=
0.22
GUMBEL MAX
DIST. σ=0.27 μ= ‐
0.06
GUMBEL MAX
DIST. σ=0.53 μ=
0.07
GUMBEL MAX
DIST. σ=0.47 μ=
0.12

Total Daily
Trip

GAMMA DIST.
α = 2.77 β= 1.28

Daily VMT

GAMMA DIST.
α = 0.52 β= 61

Work
School
Medical
Shopping
Recreational
Family
Transport
Meals

7. Conclusion
This study introduced an individual-level travel attribute transferability model that applies the
exhaustive CHAID data mining algorithm, a Decision Tree approach is implemented to cluster
the 2009 NHTS dataset into homogenous groups based on the number of daily trips for different
purposes. Then each group is modeled by fitting the best statistical distribution to the cluster.
Consequently, inverse CDF functions are used to simulate interested variables for each individual.
The models are designed in a way that the correlations between trip rates for different trip
purposes are taken in to account in a sequential manner.
Models are calibrated using 70 percent of the data while validation is performed on the
remaining 30 percent. To validate the approach, models are utilized to transfer trip counts from
national NHTS to Phoenix Metropolitan Area. The results show that the simulated dataset is
consistent with the observed data in the Phoenix add-on sample, suggesting that the models are
capable of estimating travel attributes with a high level of confidence. There are numerous
immediate applications for these models. They can replace trip generation step in traditional 4step models. In addition, they can be integrated with activity generation step in the activity-based
models. Finally, daily VMT for an individual was modeled as a function of socio-demographic,
land-use, and built environment variables. The approach allows researchers to accurately estimate
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VMT that can be used to examine various issues like environmental effects and energy
consumption, as well as person-level carbon footprints.
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