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Abstract

Understanding Political Participation in Taiwan

by

Kevin Chang, M.S. Stat

The University of Texas at Austin, 2011

SUPERVISOR: Tse-min Lin

This report focuses on expanding the understanding of the forces that bring about

political participation in Taiwan during the 2004 presidential election year.  The standard

socioeconomic status model will serve as a useful baseline.  Additional demographic and

party related considerations are accumulated onto this socioeconomic model.  Event

count models such as the binomial and extended beta-binomial regression model will be

analyzed and compared.  The extended beta-binomial regression model will then be

shown to be the superior model in this case.  Both models will be estimated using the

maximum likelihood estimation method.

These two models are applied to Taiwan's Election and Democratization Study's

2004 post presidential election survey data.  This report focuses on investigating the

effects of ethnic background, party identification, and strength of partisanship on political

participation while trying to confirm commonly expected trends in socioeconomic status,

gender, and age effects.  Gender and the ethnic background effect were found to have an

unclear effect on political participation.  The rest of the findings are as expected  from the

hypotheses. Keyword: Political Participation
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Introduction

There are a variety of factors considered influential to the study of political

participation.  There is a common and strongly supported belief that individuals of higher

social or economic status are more capable of participating in political events compared

to those with a lower socioeconomic status.  A simple model suggested by Nie and Verba

focuses specifically on an individual's income and education level (Nie and Verba 1972).

The model will serve as a baseline model in which other factors will be added.  The

effects of ethnic and party factors on political participation are the main concerns of this

study.  We expect individuals with minority ethnic backgrounds to be less politically

involved than those from the majority.  An individual's existing relationship to a political

party is expected to raise his or her likelihood of political mobilization.  These and other

demographical factors will further explain the variation in political participation.

Understanding all the dynamics of voters is a difficult task and is simplified

through the administering of surveys.  The Taiwan's Election and Democratization

Study's (TEDS) 2004 post presidential election survey data was used for all the analysis

in this report.  The Democratic Progressive Party (DPP) headed by Chen Shui-bian and

the Kuomintang party (KMT) headed by Lien Chan competed in a close election.  The

election itself was decided in the favor of the DPP by an extremely slim margin of less

than 30,000 votes. The campaign period was highlighted by massive organized events,

protests, a voting recount, and an assassination attempt.  Event count regression models

such as the binomial regression and extended beta-binomial regression model (EBB
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regression model) are applied to the TEDS data.

This report will proceed as follows.  Chapter one explains how independent

variables and the dependent variable were decided upon.  Chapter two recommends two

event count regression models that are applicable for answering the hypotheses.  Chapter

three involves interpreting results and choosing a preferred model.  The concluding

remarks summarize the argument and provide some suggestions for further research.
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Chapter One

Model Specification

The data analyzed in this report is from the TEDS 2004P survey.  This survey was

conducted after the presidential election of 2004.  The data itself consists of N = 1,357

respondents.

Suppose i is the respondent number and j is the survey item number.  Then let X ij

be a single survey item.  The dependent variable (Yi) in this study is the sum of the survey

items completed by the respondent or simply the political participation index.  Each

survey item is a binary variable indicating whether a certain activity was completed or

not completed.  There are nine survey items that make up the political participation index

in this study.

We now know that Y i=∑
j=1

n

Xij where i = 1, 2, … N = 1,357 and j = 1, 2, … n = 9.

Whether or not a respondent voted during the 2004 election year was not included in the

political participation index.  The political participation index is specified in Appendix A.

A low value for Yi indicates a lower level of political participation, while a high value for

Yi indicates a higher level of political participation.

People with a larger income and higher level of education have been shown time

and time again to have higher levels of political participation.  These two factors will

serve as the basis of the socioeconomic status (SES) model (Nie and Verba 1972).
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Income and education level are included as predictors for political participation.

Expanding the model to include demographical characteristics such as age, ethnic

background, and gender allows for a better working model with more dimensions.

The partisan strength and party identification factor are essential to explain the

effect of political parties on political participation.  According to Verba and Nie, "Those

who identify with a political party are more active politically than the nonidentifiers"(Nie

and Verba 1972, pp. 210).  This implies indirectly that individuals with a greater degree

of partisan strength are expected to be more active politically than individuals that lack

partisan strength.  Since there are quite a few parties in Taiwan, I believe identifying with

one of these parties is a good indicator of one's own political beliefs.  I am assuming the

Pan-Blue and Pan-Green idealogical split is accommodated into the party identification

factor.  All of the independent variables are available in the TEDS 2004P dataset.

The independent variables in the study are not identical in construct.  Gender,

ethnic background, and party identification variables are all binary variables which can

be interpreted as discrete, ordinal, or nominal (Powers and Xie 2008).  These three

variables and the associated families are considered nominal variables for the ease of

interpretation.  Income, education level, age, and partisan strength are all discrete

quantitative variables.  An in depth discussion of the predictor coding is in Appendix B.
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Chapter Two

Methods of Analysis

Event Count Regression Models

When the dependent variable is an event count, then a classical OLS regression

model is not satisfactory.  An event count is a non-negative integer and thus violates the

assumption of normality required for an OLS regression model.  A violation of the

normality assumption does not allow OLS estimations to produce the highly desired best

linear unbiased estimate (BLUE).  There are specialized models called event count

models that can analyze event count data.

Whether the data has a variance significantly different from the mean under a

binomial assumption is a concern for selecting an even count regression model (King

1998).  A variance that is larger than expected is an indication of overdispersion.  A

variance that is smaller than expected is called underdispersion.  Whether the data itself

had overdispersion or underdispersion was not  influential in the initial fitting of models.

Remember that the political participation index is the observed total count of events.  The

index does not retain the information on the individual binary variables since the index is

a sum.  A lack of information makes determining the possible causes of overdispersion

and underdispersion difficult.  An ancillary parameter that measures overdispersion and

underdispersion is mentioned later.
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In this chapter, we introduce two event count regression models for when the

value of the random variable Y is discrete and finite.  The event count for the ith

respondent is the sum of the answers given for the n survey items. Each survey item (Xij)

is binary with zero being a "no" or one being a "yes" for individual i on binary item j.

The binomial regression model and the extended beta-binomial regression model are

commonly used event count models when studying grouped binary variables (King

1998).  The key in deciding which of these two models to favor depends on if the

probability of getting a "yes" for an individual should be allowed to vary by its own

random distribution.

Only two event count regression models have been mentioned thus far.  This

hardly covers the near infinite number of possible models that could have been used

instead.  The extended beta-binomial distribution is a hierarchy or mixture distribution

composed of multiple random variables (Berger and Casella 2002).  The beta distribution

is able to take on many shapes depending on the values of its two parameters.  This

flexibility is one reason the distribution is commonly used as a prior in Bayesian

estimation.  The beta distribution also has a nice property where a probability of one is

given to a finite interval.  Substituting a normal or Student's t distribution for a beta

distribution is problematic since the two distributions have unbounded tails.  A truncation

or bounding of the distribution in some way is necessary.  There is also the alternative of

using a mixture of beta distributions instead of a single beta distribution to produce a

distribution that is complex and flexible.  This approach is commonly seen when trying to
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model bi-modal distributions.  Increasing the levels beyond a two distribution hierarchy

is another alternative.  However, there is an increased risk of complications in the

interpretation of variables.   An extensive background knowledge of the data in the study

simplifies the process of choosing a model.

 The estimation method used in this study is the maximum likelihood estimation

(MLE) method.  The MLE method is ideal due to the properties of consistency,

asymptotic efficiency, and unbiasedness (Eliason 1993).  When sample sizes are very

large, then these properties raise the precision of estimates found.  There are alternatives

to a MLE estimation.  A method of moment’s estimation is not guaranteed to have the

desired property of being unbiased.  A Bayesian estimation is appealing and has a "brute

force" computing strategy method that is useful for unfamiliar posterior distributions

(Albert 2008).  A Bayesian estimation is not performed in this study.

Binomial Regression Model

For individual i, let Y i=∑
j=1

n

Xij  where Xij  for j = 1, 2, ... n are independent and

identically distributed Bernoulli variables.  Suppose π i=π=Pr(Xij=1) where i =1, 2, ...

N and j = 1, 2, ...n.  Then under some conditions, Y1, Y2, ... YN are random variables with

the binomial distribution:

Pr (Y i=yi∣n ,π)=Binomial(y i∣n ,π)=(ny i)πyi(1−π)n−y i

"n" is the number of survey items involved in the construction of Yi ; in this study, n = 9.
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The binomial model has a few assumptions to fulfill.  Assumption one requires

the number of survey items to be discrete and finite.  This assumption holds since there

are only nine survey items being analyzed.  Assumption two states that there must be a

constant probability of getting a “yes” (denoted as π) regardless of the individual or item

number.  The assumption is a restriction to the model we relax for the regression.

Assumption three states that there are independent events between items of an individual.

This means that attaining a “yes” for one survey item will have no effect on the same

individual getting a “yes” on another item.  As stated earlier, Xi1, Xi2, … Xin are implied

to be independent and identically distributed random variables. In reality, the assumption

is difficult to uphold since respondents who perform harder survey items are more likely

to perform easier survey items as well.

The MLE of π is found in the following derivation:

Recall that Y1, Y2 , ... YN  are random variables with Yi ~ Binomial (yi |n,π).

f (y i∣n ,π)=(ny i)π yi(1−π)n−yi for i = 1, 2, … N

N is the number of observations or survey respondents. The binomial coefficient is not a

function of π and has no influence on relative values of the likelihood.

Likelihood function for observation i=Li(π)∝π
yi(1−π)n−yi

lnL i(π)=y i ln (π)+(n−y i) ln (1−π)

Likelihood function for the entire sample=L(π)=∏
i=1

N

Li(π)

Taking the log of the likelihood function allows for numerical stability and ease of
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calculation.

lnL (π)=∑
i=1

N

lnL i(π)=(∑
i=1

N

y i) ln (π)+(nN−∑
i=1

N

y i) ln (1−π)

dlnL(π)
d π

=(∑
i=1

N

y i)(
1
π )+(nN−∑

i=1

N

y i)(
−1

1−π
)=0

Taking the derivative of lnL(π) by π and setting it to zero gives a MLE for π of π̂= ȳ /n .

Calculating the second derivative and confirming it is negative definite is necessary to

insure a maxima has been found.  This calculation is omitted.

It is unreasonable to assume that πi = π for all i.  More realistically, πi is allowed to

vary from i to i according to individual attributes:  πi = Φ(xi'β).  This is the binomial

regression model.   xi' is a vector of the individual attributes and β is a vector of the

coefficients to be estimated. This regression model presents a form that allows for the

derivation of the MLE of β.

Likelihood function for observation i=Li(πi)=L i[Φ(x i 'β)]=Li[(β∣x i)]

lnL i(β)= lnL i[Φ(x i 'β)]

Likelihood function for the entire sample=L(β)=∏
i=1

N

Li[Φ(x i 'β)]

The MLE of β is derived by maximizing lnL (β)=∑
i=1

N

lnL i [Φ(xi 'β)] with respect to β.
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That is, ̂βMLE is the solution to the equation
∂∑

i=1

N

lnL i [Φ(x i
'β)]

∂β
=0 .

The choice for a regression function was decided between the commonly used

probit, logistic, and complementary log-log response functions.  The probit and logistic

response functions both have a symmetry property for the estimated β coefficients

(Kutner, Li, Nachtsheim, and Neter 2005).  The complementary log-log response function

does not have the symmetry property.  The probit and logistic response functions are

similar with the only real difference being a logistic distribution exhibits slightly heavier

tails (Kutner et al 2005). The lack of a sizable difference led to the use of a probit or

normal distribution for the errors of the underlying response variable.

Extended Beta-Binomial Regression Model

As before, let Y i=∑
j=1

n

Xij  where Xij (j = 1, 2, ... n) are i.i.d Bernoulli variables.

Then Y1, Y2, ... YN are random variables with Yi ~ Binomial(yi |n,πi).  Also suppose that

π i=Pr(X ij=1) for i. Let πi be a random variable following Gary King’s version of the

beta distribution with parameters ρ and γ (King 1998).

f beta(π i∣ρ , γ)= Γ(ργ
−1+(1−ρ)γ−1)

Γ(ρ γ−1)Γ [(1−ρ)γ−1]
πi
ρ γ−1−1(1−πi)

(1−ρ)γ−1−1  where E (π i)=ρ

The ancillary parameter (γ) governs the degree to which πi varies across individuals. This

hierarchical distribution is the extended beta-binomial distribution.

The extended beta-binomial distribution is a more general case of the binomial
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distribution.  Assumption one requires a discrete and finite number of survey items.  The

assumption holds as there are only nine survey items.  Assumption two states that πi is

constant across survey items for the same individual whose responses to the items are

independent, but it changes from individual to individual by a beta distribution.

The MLE of ρ is found in the following derivation:

Utilizing the binomial and beta distribution, the joint density is found to be:

f joint (y i ,π i∣n ,ρ ,γ)=f binomial(y i∣n ,πi)f beta(π i∣ρ , γ)

The calculation for the marginal density of yi is found by integrating the joint distribution

over πi.

The resulting EBB distribution is shown:

Pr (Y i=yi∣n ,ρ ,γ)=f ebb(yi∣n ,ρ ,γ)=( n
y i

)∏
j=0

y i−1

(ρ+γ j) ∏
j=0

n−y i−1

(1−ρ+γ j)/∏
j=0

n−1

(1+γ j)

where γ > 0.

N is the number of observations or survey respondents. "n" is the number of survey

items which is generally known.  From the EBB formula, it is clear that the binomial

distribution is a special case of the EBB distribution with γ = 0.  The binomial coefficient

can be ignored since it has no further influence on the likelihood calculation.  Only terms

with ρ and γ are necessary for the maximization.

Likelihood function for observation i=L i(ρ,γ)∝∏
j=0

y i−1

(ρ+γ j) ∏
j=0

n−y i−1

(1−ρ+γ j)/∏
j=0

n−1

(1+γ j)

lnL i(ρ , γ)=∑
j=0

yi−1

ln (ρ+γ j)+ ∑
j=0

n−y i−1

ln (1−ρ+γ j)−∑
j=0

n−1

ln (1+γ j)
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Likelihood function for the entire sample=L(ρ ,γ)=∏
i=1

N

Li(ρ, γ)

lnL (ρ , γ)=∑
i=1

N

[∑
j=0

yi−1

ln (ρ+γ j)+ ∑
j=0

n−yi−1

ln (1−ρ+γ j)−∑
j=0

n−1

ln (1+γ j )]

The log-likelihood function here is extremely complex.

This cannot be analytically maximized for ρ. A closed form MLE for ρ for is

impractical due to the complexity of the gamma functions.  Fortunately, maximizing the

above formulas is simple using a numerical search method such as the Newton-Raphson

method.  The second derivative needs to be calculated and confirmed to be negative

definite.  The location of a maxima would be confirmed.  This calculation is omitted.

Alternative non-MLE methods for finding ρ and γ  include finding the maximum quasi-

likehood estimate and an analysis of variance analysis (ANOVA) estimate (Hill and Stoke

1985).  The ANOVA estimates are likely to have a closed form.

So far, ρ has been assumed to be a constant for all individuals.  More realistically,

ρ, or the expected value of πi for individual i, must be assumed to vary from individual to

individual. The EBB regression model is thus the reparameterization of ρ as a function of

individual attributes: ρi=E (πi)=Φ(xi
' β) .  xi' is a vector of the individual attributes and β

is a vector of the coefficients to be estimated. This regression model presents a form that

allows for the derivation of the MLE of β.

Likelihood function for observation i=Li(β ,γ)

Likelihood function for the entire sample=L(β ,γ)=∏
i=1

N

Li(β , γ)
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The MLE of β and γ is then derived by maximizing lnL (β , γ)=∑
i=1

N

lnL i(β , γ) with respect

to to both β and γ.

̂βMLE  and ̂γMLE  are the solutions to the set of equations:

∂ lnL (β , γ)
∂β

=0

∂ lnL (β , γ)
∂ γ

=0

Hypotheses

The data analysis is concerned with ascertaining the effects of ethnic background,

party identification, and strength of partisanship, while trying to confirm commonly

expected trends in socioeconomic status, gender, and age effects.  Three variables for

ethnic background were created: Mainlander, Hakka, and Aborigine. A good majority

(73.8%) of the respondents in the study have a Minan ethnic background, which led to

the decision to let the Minan group be the reference category among the ethnic groups.

We test H0: βmainlander = βhakka = βaborigine = 0 and  Ha: βmainlander = βhakka = βaborigine ≠ 0. Six

variables for party identification were created: Kuomintang (KMT), Democratic

Progressive Party (DPP), New Party (NP),  People's First Party (PFP), Taiwan

Independence Party (TAIP), Taiwan Solidarity Union (TSU).  Those that did "not lean

towards a particular party" made up the reference category for the political identification

variables.  We test H0: βkmt = βdpp = βnp = βpfp = βtaip = βtsu = 0 and Ha: βkmt = βdpp = βnp = βpfp =

βtaip = βtsu ≠ 0.  An individual's own relation to a political party is expected to raise their
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likelihood of political participation.  Partisan strength is a discrete quantitative variable.

We test H0: βpartisan ≤ 0 and Ha:  βpartisan > 0.

The following variables are being tested to confirm already strongly suggested

trends. Female is a binary variable with a "yes" being a female and "no" being a male.

Normally in a population, the females are less politically active due to pre-existing

gender gaps.  We test H0: βfemale ≥ 0 and Ha: βfemale < 0.  Income, education level and age are

all included as discrete quantitative variables.  As income, education level and age

increase, we expect political participation to increase as well.  We test: 1: H0: βincome ≤ 0

and Ha: βincome > 0, 2: H0: βedu ≤ 0 and Ha: βedu > 0, and 3: H0: βage ≤ 0 and Ha: βage > 0.  All

tests performed will be Z-tests.
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Chapter Three

Results of the Analysis

Binomial Regression Results

In this section, I apply the binomial regression model on the TEDS 2004p data.

Recall from earlier that πi = Φ(xi'β).  Since β̂  is the parameter estimated by the model,

then a direct interpretation of πi is a little difficult to understand.  Larger β̂ s will increase

the normal cumulative distribution function and lead to a larger π i.  When the β̂ s are

smaller, πi will get smaller as well.  Figure 1 illustrates the relationship between π i and the

normal distribution.

Interpreting the coefficients can be accomplished.  For instance, an increase of

one unit of income increases the z-score for πi by 0.134 as long as the rest of the variables

are held at zero.  The interpretation for the other variables can be done similarly.

Income, education level, and age all have positive coefficients that are quite large when

considering their interpretive ranges.  The female variable indicates a decrease in πi.

Besides the female variable, the other variables mentioned thus far are all very significant

at least at a p-value of 0.01 level.  The female variable is only significant at the 0.10

level.  The effects are all confirmed to be significant in Table 1.  All four of these effects

performed as expected from their one-tailed Z-tests.  The hypothesis tests can be found in

Appendix C.
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None of the ethnic background variables were significant even at the 0.10 level

after applying a multiple coefficient Wald test (X2 = 2.53, df = 3, p=0.4696).  One

possible reason is the ethnic differences may not be as substantial as those of more

heterogeneous groups such as blacks and whites.

Applying a Wald test on the family of party identification variables leads us to

conclude that the effect of the party identification factors is significant at the 0.01 level

(X2 = 35.05, df = 6, p<0.01). Besides the TAIP party variable, the rest of the political

party identification variables have a positive β̂ coefficient when an individual identifies

with his or her party.  The positive trend is as expected.  The TAIP party only had two

observations which contributed to an unreliable parameter estimate.  Applying a one-

tailed Z-test at the 0.01 level  for H0: βparty ≤ 0 and Ha:  βparty> 0 to each party identification

variable yields results identical to those suggested by the estimated coefficients.  The

one-tailed Z-tests are not included in the report, but are available upon request.

The partisan strength factor is significant at the 0.01 level (X2 = 24.74, df = 1,

p<0.01). When one's partisan strength increases by one unit, then the z-score for π i

increases by 0.069 as long as the rest of the variables are held at zero.  Testing H0: βpartisan

≤ 0 and Ha:  βpartisan > 0 at the 0.01 level leads to the conclusion that we can reject the null

hypothesis. As expected, an increase in partisan strength leads to an increase in political

participation.

The constant variable suggests a resistance to answering “yes” for the survey

items not reflected in the other coefficients.  The constant can be interpreted as saying
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when the rest of the variables are held at zero, then the z-score for π i is equal to -1.616.

The constant coefficient is very significant at the 0.01.  The constant has no real

interpretive value since it forces variables to hold values outside of the possible ranges.

Normalizing the independent variables around their individual mean values is a way to

give the constant an interpretable meaning at the average (Singer and Willet 2003).

However, no recentering was used in this study.  The results of the binomial regression

are presented in Table 1.

Extended Beta-Binomial Regression Results

In this section, I apply the extended beta-binomial regression model on the TEDS

2004p data. Recall from earlier that ρi = Φ(xi'β). β̂ is the parameter estimated by the

EBB regression model.  Figure 2 illustrates the relationship between ρ i and the normal

distribution.

Most of the parameter estimates are found to be close to the estimates found in the

binomial regression model.  The interpretations differ merely in the notation.  For

instance, an increase of one unit of income will increase the z-score for ρi by 0.136 as

long as the rest of the variables are held at zero.  The constant can be interpreted as

saying when the rest of the variables are held at zero, then the z-score for ρi  equals to

-1.607.  The constant coefficient is still significant at the 0.01 level. The EBB model has

an additional constant of γ.  The estimated coefficient of γ is 0.047 and is significant at

the 0.01 level.  The results of the EBB regression are presented in Table 2.

After comparing the binomial regression model to the EBB model, there is a
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noticeable increase in the p-value amongst many of the variables.  The female variable is

no longer significant at the 0.1 level like in the binomial regression model.  A one-tailed

Z-test is not performed for female, because there is an identification problem.  The same

hypothesis tests performed for the binomial regression model are performed for the EBB

model in Appendix C.  There is an expected loss of precision in the parameter estimates

when using the EBB model that it caused by estimating γ (King 1998).

Model Choice

In this section, the superior model is chosen from between the binomial regression

model and EBB regression model.  The data analytic approach for determining which

model to choose involves "estimating both models and assessing the estimated value of γ,

the likelihood ratio, and the differences in the parameter estimates" (King 1998, pp 121).

When γ is close to zero this indicates a binomial regression model is more

suitable.  The ancillary parameter indicates if the data fits the binomial assumption well

and whether there is overdispersion or underdispersion.  The parameter estimate for γ is

0.047.  For the study, γ > 0 and indicates the possible existence of overdispersion.

  A likelihood ratio test is performed in order to assess which model was a better

fit.  Comparing full models and  nested models is done by first calculating the deviance

statistic (Powers and Xie 2008).  The EBB model is considered the full model and the

binomial model is the nested model to test whether γ = 0.  Both models have N=1357

observations.

D=−2[ ln (L)Binomial Model− ln (L)EBB]=−2[−2369.0861−(−2328.9514)]=80.27
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The difference in the degree of freedoms between the models is one for the ancillary

parameter.  We conclude that the hypothesis of the effect of γ being equal to zero can be

rejected at the at the 0.01 level (LRX2 = 80.27, df = 1, p<.01) (Long and Freese 2006).

The percentage change between the coefficients from one model to the other is

calculated to assess the difference in the parameter estimates.  The percentage change

between the binomial regression and EBB regression model depends greatly on the

p-value of the parameter estimates.  A lower p-value suggests more accurate estimates

and less of a change between the models.  The age variable stood out for being significant

at the 0.01 level and having a large shift of approximately 20%.  The insignificant

variables tend to have large shifts in the parameter estimates.  The Aborigine coefficient

had an astounding percentage change of over 600%.  Nearly all the coefficients deviated

to some degree.  The percentage change in parameter estimates is described in  Table 3.

The three part data analytic approach suggests that the EBB regression model is a

suitable choice over the binomial regression model.  The γ ≠ 0 and γ is significant at the

0.01 level.  The difference in parameter estimates is enough to lead us to opt for the EBB

regression model over the binomial regression model.  For the case of Taiwan 2004,

Figure 3 and Figure 4 show essentially a mirror image when graphing the political

participation index by πi and ρi .
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Conclusion

In this report, I explained the binomial and extended beta-binomial regression

model in depth before applying the regressions to a practical problem.  The models

demonstrate that the hypotheses in question were answered with slightly mixed results for

Taiwan 2004.  A higher socioeconomic status leads to higher political participation.

Aging seems to increase political participation as expected.  The effect of being female

on political participation has an identification problem only prevalent in the extended

beta-binomial regression model.  The hypothesis of whether being female reduced

political participation could not be tested.  Party identification and strength of

partisanship both presented the desired findings as well.  The respondents that identified

with a political party were more inclined to politically participate.  The strength of

partisanship showed a positive trend in political participation.  Ethnic background factors

had indiscernible effects on political participation.  Ethnic background factors could be

further analyzed through including more variables in the model or enlarging the data size.

Perhaps a more in depth analysis including interaction variables or even a divergence

from an MLE estimation in favor of a Bayesian estimation can provide more accurate

results in a future study.
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Appendix A:

Political Participation Index

The Political Participation Index consists of nine activities performed during the 2004

presidential election year.  Each survey item has the identical question of "During this

year’s presidential election, did you do any of the following?"  (0 = No, 1 = Yes)

They comprise of:

01: Read the official election notice.

02: Read the candidates’ leaflets, newsletters, or newspaper ads.

03: Watch the candidate debates or campaign speeches on TV.

04: Do volunteer work in a campaign for either a candidate or party.

05: Attend an election related gathering or banquet.

06: Join a candidate’s support organization.

07: Remind your friends to watch candidate debates or campaign speeches on TV.

08: Discuss the pros and cons of various candidates with other people.

09: Give money to a political party or candidate.

21



Appendix B:

Predictor Wording and Coding

Age: 93 – year of birth (S1)

Female : 0 = male, 1 = female (S17)

Income:  Monthly household income in NT dollars (S14).  (1 = under 25,000, 2 =

25,001-36,000, 3 = 36,001-45,000, 4 = 45,001-53,000, 5 = 53,001-62,000, 6 = 62,001-

71,000, 7 = 71,001-83,000, 8 = 83,001-100,000, 9 = 100,001-130,000, 10 = over

130,000).

Education level:  Survey item S6, (1 = illiterate,  2 = literate but no formal schooling, 3 =

some primary school, 4 = primary school graduate, 5 = some junior high school, 6 =

junior high school graduate, 7 = some high school or vocational school, 8 = high school

or vocational school graduate, 9 = some technical college, 10 = technical college

graduate, 11 = some university, 12 = university graduate, 13 = post-graduate education).

Ethnic background: There are four separate variables coded here. Each of the race

variables was formed from survey items asking for parental ethnic backgrounds (S1 and

S2).  The respondent inherits the ethnic background of the parents as long as one parent

has a certain ethnic background.

(0 = No, 1 = Yes)

(1: Minan, 2: Mainlander, 3: Hakka, 4: Aborigine).

Minan is the reference category and is omitted from the model.
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Strength of Party Identification: This is a four point scale measuring the strength of

partisanship.  Survey item P1: "Among the main political parties in our country, including

the KMT, DPP, PFP, NP, and TSU, do you think of yourself as leaning toward any

particular party?"  Survey item P1c: "Do you lean very strongly, somewhat, or just a little

to this party?"  The answers are combined for a strength of party identification scale

coded as  0 = not leaning toward any party, 1 = lean just a little, 2 = lean somewhat, 3 =

lean very strongly.

Party Identification: There are six separate variables coded here. Survey item P1b:

"Which party is that (in which you lean towards)?" (0 = No, 1 = Yes)

(1: Kuomintang (KMT), 2: Democratic Progressive Party (DPP), 3: New Party (NP), 4:

People's First Party (PFP), 5: Taiwan Independence Party(TAIP), 6: Taiwan Solidarity

Union (TSU)).

"Not leaning towards a party more than others" is the reference category.
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Appendix C:

Hypothesis Testing

The following are Z-tests for the binomial regression model:

Test H0: βmainlander = βhakka = βaborigine = 0

We conclude that the hypothesis that the effects of ethnic background on political

participation are simultaneously equal to zero is not rejected at the 0.1 level (X2 = 2.53, df

= 3, p=0.4696).

Test H0: βkmt = βdpp = βnp = βpfp = βtaip = βtsu = 0

We can conclude that the hypothesis that the effects of party identification on political

participation are simultaneously equal to zero is rejected at the 0.01 level (X2 = 35.05, df

= 6, p<0.01).

Test H0: βpartisan ≤  0

We can conclude that the hypothesis that the effect of partisan strength on political

participation is less than or equal to zero is rejected at the 0.01 level (z = 4.97, p<0.01).
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Test H0: βfemale ≥  0

We can conclude that the hypothesis that the effect of  being female on political

participation is greater than or equal to zero is not rejected at the 0.01 level (z = -1.68,

p=.0463).

Relaxing the p-value level for analysis to be 0.10 will result in a different conclusion.

Test H0: βedu ≤  0

We can conclude that the hypothesis that the effect of education level on political

participation is less than or equal to zero is rejected at the 0.01 level (z = 10.36, p<0.01).

Test H0: βincome ≤  0

We can conclude that the hypothesis that the effect of income on political participation is

less than or equal to zero is rejected at the 0.01 level (z = 2.72, p<0.01).

Test H0: βage ≤  0

We can conclude that the hypothesis that the effect of age on political participation is less

than or equal to zero is rejected at the 0.01 level (z = 4.32, p<0.01).
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The following are Z-tests for the extended beta-binomial regression model:

Test H0: βmainlander = βhakka = βaborigine = 0

We conclude that the hypothesis that the effects of ethnic background on political

participation are simultaneously equal to zero is not rejected at the 0.1 level (X2 = 1.67, df

= 3, p=0.6438).

Test H0: βkmt = βdpp = βnp = βpfp = βtaip = βtsu = 0

We can conclude that the hypothesis that the effects of party identification on political

participation are simultaneously equal to zero is rejected at the 0.01 level (X2 = 26.64, df

= 6, p<0.01).

Test H0: βpartisan ≤  0

We can conclude that the hypothesis that the effect of partisan strength on political

participation is less than or equal to zero is rejected at the 0.01 level (z = 4.23, p<0.01).

Test H0: βedu ≤  0

We can conclude that the hypothesis that the effect of education level on political

participation is less than or equal to zero is rejected at the 0.01 level (z = 8.97, p<0.01).
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Test H0: βincome ≤  0

We can conclude that the hypothesis that the effect of income on political participation is

less than or equal to zero is rejected at the 0.01 level (z = 2.38, p<0.01).

Test H0: βage ≤  0

We can conclude that the hypothesis that the effect of age on political participation is less

than or equal to zero is rejected at the 0.01 level (z = 3.44, p<0.01).
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Tables

Table 1. Binomial Regression Output

The Determinants of the Political Participation Index
y β Standard Errors p-value

SES Var.
income

edu
female
age

Race Var.
mainlander

hakka
aborigine

Party Id Var.
kmt
dpp
np
pfp
taip
tsu

Partisan Var.
partisan

Constant

.013

.058
-.043
.005

-.025
-.063
-.003

.126

.205

.287

.139
-.123
.299

.069

-1.616

.005

.006

.026

.001

.040

.041

.108

.041

.039

.142

.051

.436

.075

.014

.084

.007***

.000***
.093*

.000***

.532

.123

.980

.002***

.000***
.043**
.006***
.777

.000***

.000***

.000***
Log-Likelihood -2369.09

χ2 365.63
N 1357

Note: Figures are maximum likelihood estimates obtained by a binomial regression.
Source: Taiwan's Election and Democratization Studies, 2004: The Presidential Election (TEDS 2004P)
***significant at the p = .01 level; **significant at the p = .05 level; *significant at the p = .1 level.
A good majority (73.78%) of the actual participants in the study have a Minan ethnic background .  The
Minan ethnic background group is selected to be the reference category among the ethnic categories.
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Table 2. Extended Beta-Binomial Regression Output

The Determinants of the Political Participation Index
y β Standard Errors p-value

SES Var.
income

edu
female
age

Race Var.
mainlander

hakka
aborigine

Party Id Var.
kmt
dpp
np
pfp
taip
tsu

Partisan Var.
partisan

Constant

Ancillary Var.
γ

.014

.059
-.044
.004

-.033
-.055
-.023

.133

.208

.302

.152
-.099
.302

.069

-1.607

.047

.006

.007

.030

.001

.046

.047

.127

.047

.045

.163

.059

.496

.087

.016

.098

.007

.017**
.000***
.146

.001***

.474

.240

.858

.005***

.000***
.063**
.010***
.841

.001***

.000***

.000***

.000***
Log-Likelihood -2328.95

χ2 278.49
N 1357

Note: Figures are maximum likelihood estimates obtained by an extended beta-binomial regression.
Source: Taiwan's Election and Democratization Studies, 2004: The Presidential Election (TEDS 2004P)
***significant at the p = .01 level; **significant at the p = .05 level; *significant at the p = .1 level.
A good majority(73.78%) of the actual participants in the study have a Minan ethnic background.  The
Minan ethnic background group is selected to be the reference category among the ethnic categories.
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Table 3. Comparison of Difference in Parameter Estimates

The Determinants of the Political Participation Index
y % Change in β

SES Var.
income

edu
female
age

Race Var.
mainlander

hakka
aborigine

Party Id Var.
kmt
dpp
np
pfp
taip
tsu

Partisan Var.
partisan

Constant

7.69*
1.72**
2.33**
-20.00

32.00
-12.70
666.67

5.56*
1.46**
5.23*
9.35*
-19.51
1.00***

0.00***

0.56***
Note: Figures use results from Table 1 and 2.
Source: Taiwan's Election and Democratization Studies, 2004: The Presidential Election (TEDS 2004P)
***within + or - 1% change; **within + or - 5% change; *within + or - 10% change.
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Figures

Figure 1. Histogram of the Frequency of πi :
Binomial Regression Model

A standard scaled normal curve is fitted over the histogram.
The mean of πi is 0.2369683 with standard deviation 0.0020282
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Figure 2. Histogram of the Frequency of ρi :
Extended Beta-Binomial Regression Model

A standard scaled normal curve is fitted over the histogram.
The mean of ρi is 0.2513001 with standard deviation 0.0021152.
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Figure 3. Scatter Plot of Political Participation Index by πi:
Binomial Regression Model
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Figure 4. Scatter Plot of Political Participation Index by ρi:
Extended Beta-Binomial Regression Model
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Glossary

Political Participation:

Voter participation has always been a key component in the understanding the

electoral process.  The act of voting is often considered a citizen’s duty and in itself

cannot encompass all the dimensions of how voters interact with political campaigns.

Politics is more complicated than the simple tabulation of ballots.  The voters themselves

are a dynamic population that have different levels in which they engage and immerse

themselves in politics.

There are many options for participation available to citizens in Taiwan.  Voting is

undoubtedly the most common form of voter participation.  Conventional participation

aside it is possible for Taiwan's citizens to attend a political gathering or political

meeting.  The alternative forms of participation do not end there however.  The

Taiwanese could donate money to election campaigns or commit more time and join a

political organization.  The Taiwanese political culture allows for protests and shows of

civil disobedience.  The possibilities are endless and vary substantially in the amount of

time, labor, and monetary cost.  The TEDS survey selects the more popular methods of

voter participation and asks an individual whether he or she has completed that action

during the election year.
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