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ABSTRACT

Temporal transferability of model parameters is a critical issue, especially in the context of developing
countries where data and resources for transport model development are extremely limited. This study
investigates the temporal transferability of vehicle ownership models with special emphasis on exploring the
effect of model structure on temporal transferability. The performance of potential updating methods for
making the models more transferable are also compared. The household survey data collected from Dhaka,
Bangladesh in 2005 (STP 2006) and 2010 (DHUTS 2011) have been used in this regard. Different forms of
Random Utility Based Discrete Choice and Count Regression Models of car, motorcycle and bicycle
ownership have been developed using income, household size, and number of workers, children and license
drivers as explanatory variables. The temporal transferability of each model between the two time-periods ha
been compared rigorously using statistical tests. Results indicate that Multinomial Logit model has better
temporal transferability compared to the Count Regression Models. In terms of model updating, the Combine
Transfer Estimation method for model updating is found to perform better than the Bayesian updating. The
findings can provide useful guidance during application of a pre-existing model in the context of a developing
country.

Keywords: Global south; Car ownership; Bangladesh; Count Regression; Bayesian updating; Combined
Transfer Estimation



1. INTRODUCTION

The economic growth of a developing country is very often highly inter-linked etigrowth of its

transport sector. In recent years, economic growth has facilitated rapid urbanisatast countries of

the developing world followed by exponential increase in ownership and use of privatesy€hicThis

in turn, has increased the demand for transport infrastructure and services and in manteoa#es]

the negative transport externalities such as air pollution, high energy consumption antivessraim
accidents (2). These highlight the extreme importance of robust travel demand models that can be used
for informing and guiding policy decisions directed at sustainable planning, control and management of
transport services and infrastructure. Development of travel demand models however often requires
significant resources which are not readily available in developing countreasthie financial

constraints. Transferability of the models across time, either in the offigimabr with limited updating,
offers an economic solution to this problem.

Several studies have investigated temporal transferability of travel behaviooséily using data from
developed countries (3-8). However, the developing countries typically have very differgmbrtrans

contexts and travel behavior. For example, in 2013, the per capita motorized vehicle ownership was about
0.52 in the UK and 0.058 in China)(®urther, the transport and economic landscape are changing at

much faster rates in the developing countries. China, for example, is expected to haV&a (& year

increase in car ownership till 2020 jMhereas recent data indicates that many of the European countries
have almosteached their ‘peak car’ levels (11). This warrants the need for detailed research in the

context of developing countries on vehicle ownership models, their temporal transfeealuilineasures

to improve temporal transferability.

The particular research questions we investigate are as follows:
¢ Which model structure best explains the vehicle-ownership decision in the cordext of
developing country where the car-ownership level is very low compared to the total population?
e How do the performance of different model structures compare in terms of temporal
transferability?
¢ Which candidate method has the best performance in improving the temporal transferability?

Disaggregate data collected from Dhaka, the capital of Bangladesh and one of the fastest growing
megacities in the world, has been used to investigate these research questions. Dhakwatseadye

than 18 million people and attracts 300,000 to 400,000 new migrants every year from different parts of
the country (12). To meet the mobility demands of the rapidly growing population, the number of vehicles
is increasing at an alarming rate. According to Bangladesh Road Transport Authority (BRTA), the
number of newly registered vehicles in Dhaka in 2004 was 21,471 and 95,743 in 2015 (13). The rapidly
changing demography and transport scenario of the city (further detailed in Section 4), makes it an
interesting test-bed for conducting the research on temporal transferability. Further,ttesgty high
growth rate, the vehicle ownership levels in Dhaka are one of the lowest in the world with andd6%h
households not owning any vehicle (car, motorcycle or cycle). From a modelling perspective, this (i.e.
excessive occurrence of zeros as dependent variables) poses additional challenges and prompts us to
investigate the most appropriate model structure for predicting vehicle ownership in the obuaery

low ownership levels.

In this research, vehicle ownership models are estimated using household survey data from two different
time periods 2005 (34nd 2010 15). The models are estimated as disaggregate at the household level
taking into consideration the communal nature of making travel decidiéndr fe effect of the

excessive zeros in the vehicle ownership data (which is typical in the developing wordgndifhodel
structures have been estimated and compared in terms of goodness-of-fit and temporabiliysidre
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potential methods to improve temporal transferability have also been tested. Thehiegpayber is
organized in the following sequence; data, methodology, results and conclusions.

2. DATA

The data used by the study is obtained from two household surveys conducted in the Dhaka Metropolitan
Area, Bangladesh in 2005 and 2010. Area definitions in both years were the same though the 2010 sample
is much bigger (18084 households) than the 2005 one (655 households). The surveys, originally
conducted for developing the Strategic Transport Plan for Dhaka (STH 2006 (14)) and the Dhaka Urban
Transport Strategy (DHUTS 20[iH) respectively used the same questionnaire and identical stratified
sampling strategies. The socio demographic data collected in the survey included household irdome, tot
number of persons per household and the household composition (e.g. number of children, workers,
students and licensed drivefs). TABLE 1 below presents a comparison of the household level
demographics in the two datasets and more detailed statistical analyses are presgjueskih &nd 2.

TABLE 1: Comparison of the Two Datasets

2005 2010

Average Income (BDT/month) 2273282 31785
Average Income (USD/month) 270,29 457
Low 39.50 26.2(

Income Distributions (%) Medium 52.4( 58.9
High 8.10 14.9(

Average Household Size 4.23 4.0(
Average Number of Workers 1.87 1,
Average Number of Licensed Drivers 0|16 1
Average Number of Cars per Household 0.06 0.07
Average Number of Motorcycles per Househgld 0.04 0.01
Average Number of Bicycles per Household 0.01 0.01
0 89.31% 90.309

Total Vehicle Ownership per Houshold (%) 1 9.78% 8.979
1+ 0.91% 0.749

*The GDP per capita in Dhaka changed from 485.21 USD to 762.81 USD thisitigne period (P), the exchange
rates were 1 USD = 84.10 BDT (2005 ) and 69.53 (2010) respectively

As seen in Table I, there are some similarities between the demographics in the two dateslbtsa
differences. For instance, the average numbers of licensed drivers are significaetlynhiigé 2010
sample and the average incomes are higher as well. The differences are not unexpected émotigh giv
increase in GDP in this time period.
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FIGURE 1 Vehicle ownership distribution.

Fig 1 shows the detailed comparison of the type of vehicle ownership in the two datasets. As seen in the
Figure, the total percentage of households owning at least one car is very low (around 6%), out of which
less than 1% own two or more cars. Bicycle ownership is also very low among the surveyed households
with no household owning more than one bicycle. It may be noted that though Dhaka is a flat city,
bicycles are not popular because of safety (there are no designated cycle lanes) and secutitgyssues (
can easily get stolen in absence of proper bicycle racks). Also, it is considered culturally inigroper
women to ride bicycles.

In terms of vehicle ownership among different demographic groups, in most cases, car and motorcycle
ownership is highest among households with two or more full-time working memb#rdhgvexception

of car ownership in case of 2005) (Figue. I his is expected as an increase in workers is reflective of

an increase in the household income. However, though vehicle ownership is low for households with no
full-time working members, in the 2010 dataset, some of such households do report that they own
vehicles. It is suspected that these household may have one/more members working part-time or have
members who have retired from their jobs. Vehicle ownership rates are higher fohtargeholds

(Figure 2b). This is expected as mobility needs are expected to increase as the numbez of aeopl
household increases. The relationship between the number of license holders and the number of cars in a
household (Figure 2c) demonstrates a weak correlation with car ownership. This is not unexpacted giv
that most of the cars in Dhaka are chauffeur driven and it is common to own a car withouthaving
driving license or to have a driving license but not own a car (i.e. work as a chauffeurdsgiprofvhich

is a low income profession).
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FIGURE 2 Demographic distribution and vehicle owner ship.
3. METHODOLOGY

The candidate model structures, methods for testing transferability and updatiregitigoarameters
(using limited data) are discussed in this section. For all cases, the state-ofghmreménted first
followed by details of the selected methods.

3.1 Model Structures

Vehicle ownership is typically modelled using Ordered and Unordered Discrete Choice Modalsor C
Regression Models.

Among the unordered models, Multinomial Logit (MNL) and Nested Logit (NL) models have been
widely used for their ease of analysis and availability of estimation software, bo#dinrmand long
term (sef 1J7 for further details). In these models, following the principles of mi#itymisation, the
decision maker chooses the alternative that provides the greatest satisfaetieforéhfor a given set of
alternatives, the probability of household n choosing alternative |, given chog sah be expressed
as follows:

Py(i) = P(Vyi + €0y = Vi + €5) VCpyj # i (1)
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Where,V,,; ande,,; represent the observed and random components of utility of alternative i. The
distribution of the unobserved error tegmindicates if the model is MNL or NL.

The MNL structure assumes that the error term is independently and identically (§>distoidluted
across households. The probability of household n selecting vehicle ownership alterisatheréfore
expressed as follows:
eVni
Pn(L) = Vi (2)

Yjecpe ™

Ordered models are based on the assumption that a latent intangible variable rephess¢itslid’s
propensity to own vehicles and the probabilities of owning certain number of vehicles are then obtained
by matching specific ranges of the values of the latent variable to the corresponding numbers

Yn=BX,+¢,

0 ify, < u,
Yn =41 ifnuo <y:1 Sl @)
2+ ifu Ly,

Where;y, " is the car trip generation propensity for houselmolg, is the car trip generation for
household n; X is the vector of explanatory variables is the random error term (normally distributed
for Ordered Probit and logistically distributed for Ordered Logit) and 14 are the threshold parameters
and g is the vector of model coefficients.

Among the Count Regression Models, the Poisson and the Negative Binomial regression models are some
of the most commonly used to estimate and analyse count data, though their applications have been
primarily in the context of crash frequency 19 for a comprehensive review) , tniptigenge.d. 2D -

[23]etc.), etc. with a few applications for vehicle ownership decisionf (é.g.)24, 25

In Poisson regression, it is assumed that the number of occurrences (k) of the dependent variable y has a
Poisson distribution given the independent variablesX..., X

e‘“uk
P(.Vn = leleZp ---;Xn) = k! ,k = 0,1,2, (4)

It assumesn(u) is a linear function of independent variables, denoted as:
In() = In(N) + ac + B1 Xy + B2 Xy + -+ BnXn )

Where,y, is the number of vehicles owned by household n anX.., X, are household characteristics
in the context of vehicle ownership, N is the sample &izés a constant, angl, ... 3, are coefficients of

the household characteristics. The Pagrsgoodness of fit test is used to check model appropriateness to
the data distribution. P-values less than 0.05 mean the data is significantly different fr@soa Poi
distribution.

While the Poisson model assumes the mean and variance are equal, the Negative Binomial model takes
into account the possibility of over-dispersion in the data due to large differences beéisvebserved

mean and variance (§e€] 26 for details). The Negative Binomial regression model takes the following
form:
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PO = (i) () ©

1+aun 1+auy,
2 U, isthe mean and is the over dispersion parameter which is greater than zero.

3  Toinvestigate model appropriatss(i.e. to test if Negative Binomial model, which has one additional

4  parameter, is superior to the Poisson model), a Likelihood Ratio Test is performed and the likelihood
5 ration (LR) is compared with the chi square distribution
6
7
8

—2(LL(P) — LL(NB))~x? 7)

9  Where, LL(P) and LL(NB) are the log-likelihoods of the Poisson model and the Negative &linaodiel
10 respectively and use of the Negative Binomial model is justified if LR is greater thartitted chi
13 square value at k degree of confidence .

13 A variant of these models are Zero Inflated Poisson and Zero Inflated Negative Binomial models which
14  addresses the issues associated with excessive zeroes in the data and are expressed as follows
15 respectively

—pUnyYn
16 PQn) =" 1" ®
1
_Tlayn+1) (1 Naf au, \¥m

17 POm) = Y1 (1+aun) (1+aun) ©)
18

19  The Vuong tesfd7) is carried out to compare the models to the simpler variants.

A

22 3.2 Transferability

23 Temporal transferability of the individual parameters is checked by testing whethetloereds a

24  significant difference between the parameter estimates of equivalent variablesia thitées [(28).

25  Minimum and maximum t-ratio values of -1.96 and 1.96 corresponding to the 95% confidence interval
26  are taken as the critical values.

A

ﬂtransk - ﬂapplk
A 2 A 2
(lgtransk} + ﬁapplk

ttransk tapplk

27ty = (10)

28  Where;Biransk andBqppi i are the estimates for the k-th parameter in the transferred and application
29  areastiransk andtyy, i are the respective t-ratios of the parameter estimates;gpg is the t-ratio

39 for the difference between parameters.

32  Global measures of model transferability are also obtained using the transfetestiltatistic (TTS) (38
33 [29).

34 TTS,p(Brand =25 (LappBrand ~ Lapp(Bapp) (11)
35 Where;LLappl(ﬁtrans) is the log-likelihood on the application context data with transferred context

36 parametersLLappl(Bappl) is the log-likelihood on the application context data with application context
37 parameters; anﬂTSapp,(/?tmns) is the transferability test statistic of the transferred model in application
38  context.

39

40  The transferability test statistic follows a chi-squared distribution with degfée==dom equal to the
41 number of parameters estimated and its value should be less than the critical chi-square value at the



el
NP OW-D Ul A WN K

13

14
15
16

17
18
19

29

23
24

25

26
27
28
29
30
31

32

33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48

Anyiko, Choudhury 9

chosen level of significance for good transferability.

3.3. Model Updating

Findings from previous studies indicate that temporal transferability of a model is improupddiing

the model parameters with some information from the application contekt (p.g. 30). Several updating
approaches have been suggested in literature. Among these, the two most widely used are explained
below:

Bayesian updating

The Bayesian updating process follows the Bayes theorem in which prior information about this model
combined with a random sample from the application context to get updated information that is important
in reducing doubt during predictid83). The parameters estimated with the data from the first location

can be used as the prior information in this case and the following formula can be usedr{B@)atio

-1
rans ﬁa 1 1
.Bupdated = (ﬁt + ppl)( 2 +—= ) (12)

2 2
Otrans Uappl Otrans aappl

Wherefiransandpfapp are the vectors of parameters of the originally estimated model and the application
context model respectively aaghnsandoapp are corresponding vectors of standard deviations.

Combined Transfer Estimation
The combined transfer estimation metjod (34) acknowledges the variations between parameters due to
long time gaps and other differences between the estimation and application contexts such that the
updated parameters are estimated as (Equatjon 14
-1
rans Ba 1 1
ﬁupdated = ( be + ppl) (02 =t = ) (13)
trans

2 -1 2 1
Oiranstaa 9appl taa %appl

Where:a = SiransPappl @Nda"=LapprPirans

It may be noted that though there are simpler methods like updating only the constants of the model or
using scaling of the model parameters, based on the exploratory analysis results, they were not deemed to
be appropriate in these cases and have not been tested rigorously.

4. RESULTS

4.1 Model Coefficients

Review of precious studies on vehicle ownership (car ownership in particular) have shown theat&e pr
ownership decisions are affected by both the socio-demographics and the urban forms. Foriexample,
has beemeported household’s decision when purchasing the first car is primarily based on socio-
economic factors (income, age of household members, value of time, etc.), while the decision for
purchasing a second car (or more) is largely based on traffic network, efficiency, andavahsit-|

service parametefs ([B5]36). In the context of developing countries it has been also repaytedithat
transit services decrease the tendency of households to own more motdrcycles (37).

However, in this study, between the two waves, there were no significant changes in the transport and
urban landscape. For instance, there were no significant improvements or investments in the public
transport. Nor were any new major roads constructed within the city. Rather, the econorapeihds
undergone major improvements. This motivated us to focus on the socio-demographic variables.The
model parameters of all models are estimated using maximum likelihood technique. The model
parameters are retained based on their statistical significance. However, in case of sores,\thgabl
coefficients are found to be statistically significant in any of the models is retaineahfstency.

The results of the MNL model are presented in Table 2. The estimated resulte itiditthe vehicle
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ownership decisions are significantly affected by the income and the number of licence holders in t
household. These are intuitive and in agreement with literature. For example, previous studies in
developing countries also indicate that household income is one of the major determinaramaf car
motorcycle ownership (39T his indirectly implies that vehicle ownership will continue to increase as fast

as per capita income growth in developing countries until saturation is rea&medr{9Reference

sour ce not found.). Among other household characteristics, number of workers is found to positively
impacts vehicle ownership, but the parameter is statistically not significanthyediffeom zero in the

2005 data. In the 2010 data, it is however significantly different from zero at 95% level of confidence

The increase in number of workers per household has been reported to be positivelpdaorekzicle
ownership in previous studies as well. For example, in Chennai city in India, ownership of two wheeled
vehicles increased with the increase of young workers by 25% and indirectly encouraged car ownership
as well since it translated to increased incdmg (38). Increase in household size, heviewed, o have

a negative impact on vehicle ownership. This agrees with the suggestion of Zegras and GakEnReimer (39
that a decrease in household size could encourage vehicle ownership. This is because smaller households
are likely to have fewer dependants (and therefore less expenses and more savings) ¢ovisitititat
ownership. It may be noted that the coefficients of household size and number of workers have been
found to be statistically different from zero only for 2010. The effect of number of children has not been
found to be significantly different from zero in either year and not included in the final.model

TABLE 2: MNL Modd Estimation Results

2005 2010
Coefficient | Robust t-stat Coefficient Robust t-stat t-test diff

Alternative Specific Constant - 1 car -4.91 -8.94 -4.25 -4.06 -1.17%
Alternative Specific Constant 1+ car -7.30 -9.73 -6.37] -3.11 -1.27
Alternative Specific Constant - Motorcyd -4.10 -7.86 -4.54 -6.57| 0.82
Alternative Specific Constant - Bicycle -5.42, -8.19 -5.67 -3.81 0.37
High income 2.47 4.4] 2.48 3.15 -0.01
Middle income 1.03 3.2] 1.08 2.74 0.00
Household size 0.06 -0.17 -0.04 -2.46 0.43
No. of workers 0.00 -0.02 0.17 4.64 -1.11
1 driving license holder dummy 2.65 6.86 0.2y 3.14 6.01
1+ driving license holder dummy 2.87 3.9§ 0.09 6.57 3.85
Adjusted Rho square 0.751 0.762
Final log likelihood, LL -251.921 -6925.139
LL (applied) -9281.9¢
TTS 4713.70

It may be noted that market-segmentation tests have also been performed, but the coefficients were not
found different for different segments of income, household size and number of workers. Estimation of
the Poisson model (separate for number of cars and number of motorcycles/bicycles) with 2005 data in

Table Il shows similar trends as the MNL model in terms of effects of ireme&scome, but
interestingly, the effect was found to be statistically insignificant in case of epoles/bicycles in the

2005 dataset. The number of driving license holders was significant for the car-ownership nimatél for

years. The workers and household size were found to be statistically significant in the 2C8tGdktas
(both for car and motorcycles/bicycles). Interestindly Pearson’s goodness of fit test showed that the
2005 data is not significantly different from a Poisson distribution while 2010 data is differarthe
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Poisson distribution.

The Negative Binomial model results were very similar to the Poisson model, both in terms of magnitude
of the coefficients and statistical significance and similar to the Poisson modeglddness-ofit

measures indicated slight improvement over the Poisson model though the very small values of alpha
ruled out over-dispersion for the car-ownership model for both years and motorcycle/bicycle ownership
model in 2005. However, both the likelihood ratio test result and the alpha estimate intliabtedthe

2010 motorcycle/bicycle ownership data, there is significant over-dispersion. The modelasdtained

for the transferability analysis.

The results of the Zero Inflated Binomial Models (ZINB) were substantially different frefRaisson

and the Negative Binomial models. The Vuong test for appropriateness of the ZINB model indicates that
the model is indeed better suited for 2010 data and 2005 car ownership than the Negative Binomial
model. This is evident in the statistically significant z-values at 95% level atleoct as shown by

results in Table 3. It may be noted that the coefficients in this case predict the occureemos and

have opposite interpretation of the signs to the previous two models. Though for the sake ofitgpnform

all variables significant in other models were retained, other than income, no variables were fmund t
statistically significant.
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TABLE 3: Poisson and Negative Binomial Regression M odel Estimation Results
Poisson regression model Negative binomial regression model Zero Inflated negative binomial model
2005 2010 Comparison 2005 2010 Comparison 2005 2010 Comparison
Coefficient] z-value |Coefficient] z-value | z-test diff [Coefficient] z-value [Coefficient] zvalue | ztest diff |Coefficient] z-value |Coefficient] z-value | z-test diff
CAR
Constant -4.99 -7.31 -4.75 -4.94 0.21 -4.99 -6.26 -4.85 -4.8] 0.12 0.68 -0.92 -1.41 -1/01 1.3
High income 3.29 5.16 3.48 3.69 0.17 3.29 4.95 3.44 3.98 0.17 -4.07 -2)89 -8|56 -§.35 2.11
Middle income 1.70 2.87 1.68 2.79 0.02 1.70 2.73 1.68 4.48 0.03 -1.03 -2)12 -3192 -1.94 1.
Household size 0.02 0.18 -0.16 -4.05 1.36 0.02 0.14 -0.16) -4.24 1.08 -0.04 -0.24 -0.p5 -1/61 0.4
No. of workers -0.37 -1.34 0.23 5.56 2.16 -0.37 -1.41 0.23 5.61 2.27 -0.10 -0.43 0.12 0.01 0.02
1 driving license holder dummjy 2.34 6.47 0.25 3.06 5.63 2.34 6.21 0.25 3.09 5.42 -0.04 -0.40 -0.43 -0.61 0.54
1+ driving license holder dumi 2.35 4.37 0.62 6.77 3.16 2.35 3.47 0.62 6.80 2.52 -1.67 -1.89 -0.19 -1.79 1.66
Inflate constant 1.35 3.50 1.50 18.25 0.38
Final log likelihood, LL -101.10 -3595.00 -101.10 -3595.00 -128.55 -3614.09
Pearson's value 1.00 0.89
Alpha 0.0031 0.0045
Vuong test z value 4.47 7.88
LL (applied) -7185.44 -6505.41 -3692.54
TTS 7180.96 5820.82 156.91
MOTORCYCLE & BICYCLE

Constant -4.18 -7.05 -4.23 -5.82 0.05 -4.17 -7.02 -4.22 -2.08 0.02 -3.54 -3.79 -3.38 -20.37 0.16
High income -0.58 -0.57 0.89 8.52 1.45 -0.57| -0.54 0.89 8.49 1.37 1.58 0.82 -12.37 -0.02 0,
Middle income 0.34 0.93 0.60 6.24 0.69 0.34 0.88| 0.6( 6.28 0.66 0.84 0.f2 1J50 4151 0,
Household size 0.20 1.46 0.10 2.00 0.73 0.20 1.37 0.09 2.14 0.70 0.11 0.76 0.10 2.0 0.(¢
No. of workers 0.31 1.72 0.10 2.00 1.13 0.31 1.52 0.1(¢ 1.8p 1.0] 0.45 227 0.10 2.05 1.69
Inflate constant -0.79 -0.37 -1.23 -3.13 0.20
Final log likelihood, LL -135.20 -3008.00 -135.20 -3001.76 -136.11 -3003.31
Pearson's value 0.40 0.10
Alpha 0.0966 1.026
Vuong test z value 1.07 4.30
LL (applied) -3142.82 -3139.99 -3375.17
TTS 269.64 276.46 743.74
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4.2 Assessing temporal transfer ability

Going by the results of the t-statistic for the difference in parameters test shown in Tabled thwsbefficients of

the MNL model are found to be transferable between 2005 and 2010. The only exception is the number ofriensed d
dummy variables. However, despite most variables proving transferable, the model itseifansferable between

2005 and 2010 as indicated by the transferability test statistic 4713.70 which is much greater thaattohiesguare
value (;(3_05,11:19.675). This is in line the findings of the exploratory analyses where the relationship between car-
ownership and possession of driving license were found to have very different patterns - with 200h&dngioet
proportion of households without licensed drivers yet at the same time having 45% higherezahipaamong license
holders compared to 2010.

The findings of the Poisson model for car ownership were somewhat similar to the MNLendthefficient of the

number of licensed driver dummy being significantly different in the two years. In addigoog¢fficient of the number
of workers was also found to have statistically significant differences originabimgtifie t-stat being significant in 2010
and insignificant in 2005. The model as a wholes h@wvever not temporally transferable as the TTS values 7180.97 is
much greater than the critical chi-square vamg,7=14.076). The same phenomenon was observed with the Negative
Binomial regression model as well.

For the Poisson and Negative Binomial distribution for motorcycles/bicycles, the difference betwesanieters were
all found to be statistically insignificant, but the TTS values , 269.6 and 276.46 respectively areeatarttlgn the
critical chi-square valugef o5 s=11.07) .

For the ZINB model, all parameters of the car-ownership model except high income dummy are feundrisférable
across time as all values of the z-statistic are below 1.96. For the motorcycle/bicycle pamedsH, the high income
dummy was however not fund to be transferable. The models are not transferable as a whole as welbaathesTT
are significantly larger than the critical chi square vajggs=15.507 anc o5 = 12.592).

4.3 Improving temporal transferability

As mentioned in Section 3.3, two methods of updating have been tested: Bayesian Updating and Combined Transfer
Estimation.

For the Bayesian method, three small samples of 3616 households were drawn randomly from the applicaggn data, i.
the 2010 data. The sample size was one fifth of the entire 2010 sample a size recommended by Koppelman, Kuah anc
Wilmot (38) in Santoso and Tsunokawa (39) as suitable for updating procedures. Three randomsampkesd to
eliminate any bias and check for consistency in the data. The models were run using each sample and the resulting
parameter estimates used to calculate updated estimates by equation. The updated model for each $enpksteds t

for transferability. Using another set of random samples measuring one third of the@b@irsample, the updating
procedure was repeated to check for the effect of bigger sample size on the resulting model transferabili

Similarly, the models were again examined for improved temporal transferability followindngpofaparameters by

the combined transfer estimation method. Modified parameter estimates were calculated using Eguation (
Improvements that were sought for were reductions in the TTS values.

The results are summarized in Table 4. As observed in the table, it is evident that model upgdedives temporal
transferability as the TTS values in the updated models are much less. It may be note though even afjenapsiafi

the models resulted TTS values smaller than the critical chi square idlagSombined Transfer Estimation approach
shows better performance in improving the TTS in all model forms. This is expected because trebteanisf

combining parameters is taken into consideration in this method.
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TABLE 4: Comparison of Model Performance

Combined Critical
Models and Transfer tests Bayesian updating transfer Chi-Square
. . q
estimation
Sample 1 | Sample 2 | Sample 3 | Average

MNL 175.22 108.24 139.37 140.94 105.84 19.68
Poisson - Car ownership 138.30 145.10 144.10 142.5( 129.90 14.08
Poisson - Motorcycles and bicycles 112.40 166.70 164.20 147.77 138.40 11.07
Negative Binomial - Car ownership 154.10 153.10 156.90 154.7( 130.70 14.08
Negative Binomial - Motorcycles and bicycles | 148.00 159.00 129.50 145.5( 134.70 11.07
ZINB - Car ownership 108.50 96.80 153.94 119.75 113.02 15.51
ZINB - Motorcycles and bicycles 108.70 237.80 184.20 176.9( 174.10 12.59

Among different model forms, the MNL model shows better improvement than all other models.

5. CONCLUSIONS

Different forms of RUM and Count Regression based models have been rigorously tested in timstpapentext of
vehicle-ownership in Dhaka. The aim was to contrast the values of the coefficients across diftetentstinvestigate
which models are more temporally transferable and assess the performances of candidate ppdatiegemethods.

The key findings are listed below:

The model form results in some, but not substantial, differences in sensitowteesls different influencing

factors. For example, in almost all models, the income levels are found to be statisticallyesignifi

In terms of transferability, most coefficierse individually transferable, but the models are not transferable as a
whole as the TTS values were above the critical chi-square values.

Updating methods result in reductions in TTS values, but they are still above the critical chivsdues

Of the model structures explored by this study, the MNL model was found to be more temporallyatsensfer
both before and after updating.

Among Bayesian Updating and Combined Transfer Estimation, the latter results largeeimgnt in

increasing temporal transferability.

It may be noted that 2005 and 2010 are not too far apart and there have not been any significant thangearin
or transport landscape in this period. Our results are therefore more on the conservative sideeBults serve as
a proof of concept that updating of estimated models for temporal transferability is indeeticalpvay for
developing countries to make better travel demand forecasts without the encumbrance otaxeandata
collection and model estimation. The findings are expected to be of utmost practical icgetotaansport planners
working in developing countries where very often it is not possible to collect detailed dafeeqoent basis due to
resource constraints.

For future research, we recommend further investigation into the performance of other upd#tivds on temporal
transferability and testing temporal transferability of more advanced model structhidasthe mixed logit).
Future studies on temporal transferability in the context of developing countries could alsteekemise of the
more flexible predictive tests such as model elasticity to check the sensitivity of the maat@tions in input
variables and the relative error measure to compare parameter values between the estimation anchteact{& co
to complement statistical tests of transferability as used by this study. This is relegamhsdels found statistically
not transferable may still prove useful in forecasting with a reliable degree otaracturacy.
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