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Abstract

The problem of false negatives, people who really have attitudes but
refrain from expressing them, could seriously bias the analysis, but
has largely been neglected. Using a survey data including a number of
“Don’t know” responses, this paper examined whether “Don’t know”
respondents had underlying attitudes. We treated these nonresponses
as nonignorably missing, in the sense that “Don’t know” responses
are related to the answer of question in some partially unknown way.
We proposed a method to estimate parameters in logit model when
the covariates are nonignorably missing. The method simultaneously
employed two generalized linear models: the proportional odds model
for the response variable “Party-Support”, and the multinomial logit
model for the nonresponse. We found that “Don’t know” responses to
the Cabinet support question depended on whether the respondents
supported the Cabinet, indicating the existence of false negatives. We
also found that determining which party to support was based on
voters’ ideology, city size and stance toward the Cabinet, even with

the false negatives.

Keywords: EM algorithm; False Negatives; Missing Mechanism; Multinomial
Logit Model; Proportional-odds Model.

1 Introduction

Survey data, collected by a questionnaire or interview, often include “Don’t

know” (DK) responses to one or several questions. In some surveys, the



DK responses can be considered as valid and should form one answer. One
such example would occur in pre-election polls of United States, where DK
respondents form undecided voters who might be more easily influenced to
one side or the other. Since such voters could affect the election result as a
group, their very existence is meaningful. However, in cases where we have
no reason to treat DK responses as one independent answer because all the
possible answers are prepared or the measurement scale is well established,
we can not help but treat them as missing.

The missing responses, however, are subject to interpretation. It may
be due to the lack of knowledge or uncertainty about the meaning of the
question asked; these unintended DK survey responses are relatively harm-
less, in the sense that they can be safely excluded from an analysis because
we usually have no reason to believe that they do not occur randomly. We
should be aware of the existence of false negatives, “people who really have
an underlying attitude, nonetheless, do not express their opinion if asked in
an interview” (Gilljam and Granberg 1993, pp. 348-49); these intended DK
responses are especially to be expected in the questions of embarrassing or
private nature, for example, as in alcohol consumption, drug abuse, sexual
activities, or income.

There would be two types of false negatives. One is ignorable false nega-
tives whose missing-data mechanism, the reason whether one’s opinion is not
expressed, depends only on the fully observed answers to the questions, but
not on the unobserved one; the other is nonignorable false negatives whose
nonresponses are allowed to depend on the unobserved one. For instance, we

might be able to imagine a case or situation where the voters with the most
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liberal or conservative ideology tend to answer DK because they do not want
to be regarded as being politically biased by interviewers. We hypothesize
that the nonignorable false hegatives exist among Japanese voters, mostly
due to the fifty-four years of almost consecutive conservative party rule in
Japanese politics.

A number of studies on Japanese voters’ behavior have been published.
Watanuki et al. (1986); Miyake (1989, chap. 3) used the complete-case
analysis, where the units with at least one DK response were excluded, ig-
noring the problem associated with missing value. As the excluded units
might have an observation on some of the questions, they still carry an in-
formation on the questions. Furthermore, if the units are dropped out of the
original sample in a systematic manner, the complete-case data would not
be a random subsample, and thus the analysis could be highly biased. To
overcome these problems, some researches, e.g., Richardson (1988); Miyake
(1995, chap. 5); Kabashima (1998, chap. 11), used the mean-imputation
analysis, where missing values were replaced with the average of observed
values. Even then, estimated variances of the parameter estimates from ar-
tificially complete data set are invalid in general (Little and Rubin 1987).

Only Abe et al. (1998) used an ignorable nonresponse model assuming
the DK responses are missing at random (see Rubin 1976), and addressed the
problem of bias associated with complete-case analysis. The analysis under
ignorable assumption, however, could not address the problem of nonignor-
able false negatives, and could also result in biased estimation (Little and
Rubin 1987).

In this article, using a survey data on Japanese voters in the early 1997
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including a number of DK responses, we examine whether people who answer
DK really have underlying attitudes. We treat these nonresponses as missing
because the true intention of voter is unknown but must be in one of the
possible answers provided by interviewers, and assume that the occurrences of
missing values are nonignorable as defined by Rubin (1976). Note that when
there is nonignorable nonresponses, serious biases in parameter estimates
may results if one does not model the missing-data mechanism (Rubin 1976;
Little and Rubin 1987).

Most models in the literature of this type concern the case where the non-
responses are confined to a single variable (see Baker and Laird 1985; Forster
and Smith 1988; Fitzmaurice et al. 1996). For more than two variables with
missing values, Ibrahim et al. (1999) proposed a model incorporating the
missing-data mechanism. In his approach, the missing-data mechanism is
modeled by a sequence of conditional distributions specified by a sequence
of logistic regressions, and the indexing parameters for each distribution are
assumed to be distinct. We propose instead to represent the distribution for
missing-data mechanism as a multinomial and apply the multinomial logit
model to the distribution. This renders the additional assumptions on in-
dexing parameters by Ibrahim et al. (1999) to be unnecessary. In this sense
this paper employs a model different from that of Ibrahim et al. (1999).

The method used in this paper is principally aimed at the generalized
linear model to estimate parameters in logit model, consisting of the pro-
portional odds model for the regression of ordinal response variable “Party-
Support” on covariates and the multinomial logit model incorporating the

missing-data mechanism on the model. The advantage of this approach is
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that it makes the missing-data mechanism transparent, so that it enables us
to pay careful attention to the problem of false negatives.

We shall apply the EM algorithm by method of weight introduced in
Ibrahim (1990) to estimate parameters. The results of estimation and hy-
pothesis testing could be sensitive to the choice of model for the missing-data
mechanism. To determine a suitable model, we fit different models and eval-
uate the fit by model selection criteria.

In section 2, an explanation of the data is given. The method is described
in section 3 generally, and in appendix C in greater detail. The model se-
lection and the estimation results are presented in section 4 and 5. Finally
some discussion for profiling voters on party support are given in section
6, along with the validity of nonignorable false negatives assumption. The
appendices also contain a brief chronology of the realignment of Japanese

political parties, and a summary of coding data.

2 Data

The Jiji Monthly (JM) survey, conducted monthly since June of 1960 by
the CENTRAL RESEARCH SERVICES, is an ongoing survey designed to
examine the contemporary Japanese political attitude and behavior.

We chose the data from the JM survey for three consecutive months from
January 1997, because there had been no major changes in Japanese politics
and presumably the profiles of Japanese voters on party support would be
rather stable during the period (see appendix A).

Using a two-staged cluster sampling method, the survey used in this paper



was conducted after the 41st Lower House election of Japan and employed a
face-to-face interview of 2,000 eligible voters across the nation. Of the target
sample, 69.7% on the average responded to the survey conducted.

We focus attention on the following four key questions concerning the

party support.

Party-Support Which political party do you usually support?

Ideology What is your political position?

City-Size How large is your city?

Cabinet-Support Do you support the Prime Minister Hashimoto’s Cabinet?

We shall try to investigate the effects of covariates on a categorical re-
sponse variable “Party-Support”, paying careful attention to the problem of
false negatives. As covariates, “Ideology” represents the political position of
voters on ten-point ordinal scale, ranging from liberal to conservative; “City-
Size” measures the population size of the city where the voters reside in as
three-point scale; and “Cabinet-Support” is a binary measurement of the
voters’ stance toward the Cabinet. Each of variables is re-coded as described
in appendix B.

There are a lot of factors that could exert the influence on political party
support, for instance, socioeconomic background such as gender, age, income
and city size; political attitudes such as political satisfaction and ideology;
and so on (see, e.g., Miyake 1998). However, some preliminary analyses in-
dicate that the most parsimonious model is to include these three covariates,

and these covariates were found to be statistically significant in explaining
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the party support as in Inoguchi (1983, chap. 3); Miyake (1995, chap. 5);
Abe, et al. (1998); Kabashima and Ishio (1998).
With surveys of this kind, it is inevitable that there are some DK respon-

dents. Table 1 illustrates the problem of DK responses aforementioned.

Table 1: Number of Samples

Month January February March
Sample Size 583 585 521
# of Cases without a DK response 519 514 451
% of Complete Case 89.0 87.9 86.6

The first row is the sample size, the second the number of sample without
a single DK response, and the third the percentage of the latter relative to
the former. Throughout the three months, only about 87-89% of respondents
participating in the survey completed all questions. Thus the complete-case
analysis ignoring the remaining 11-13% of the data is very likely to bring
nonresponse bias.

In our data, incompleteness is only due to two covariates, “Ideology” and
“Cabinet-Support”. For the ideology question, we have no reason to treat
the DK responses as one answer because the liberal-conservative scale is well
established. For the Cabinet support question, although it is conceivable
that the voters who lukewarmly support the Cabinet or who do not dislike
the Cabinet enough to express their nonsupport probably answer DK, their
existence does not warrant a formation of an independent answer DK. Thus,
we treat the DK responses to these covariates as missing and broadly as-

sume the missing-data mechanism is nonignorable. These treatments for DK
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responses will be scrutinized in the following sections.

3 Method

This section presents a regression model for categorical data under the nonig-
norable nonresponse assumption to missing covariates. We employ simultane-
ously the proportional odds model for the response variable “Party-Support”,
and the multinomial logit model for missing-data mechanism. See, e.g., Mc-
Cullagh and Nelder (1989, chap. 5); Agresti (1990, chap. 9) on these two
models.

Let us denote the response variable as Y, the covariates as X, and the
missingness indicator representing the missing-data mechanism as R. Our
model assumes that the categorical variable, Y or R, has multinomial dis-
tribution. For five categories representing an answer to “Party-Support”,
i.e., 1 (JCP), 2 (SDP), 3 (DP), 4 (NFP), 5 (LDP), we employ the following

proportional odds model:

log ( - 117 ,-,-) — b; — Bildeology; — BCity; — BsCabinet;,  j=1,...,4
(3.1)
where v;; = Pr(Y; < j|ldeology;, City;, Cabinet;, 3) denotes a cumulative
probability up to and including the jth category of “Party-Support” for the
ith observation (i = 1,...,n), and where 8 = (by,...,bs, 51, B2, 3s)T are the
corresponding regression coefficients. We employed the model since many
researches argued that Japanese political parties can be ordered with respect

to its ideology or political hue. See, e.g., Kabashima (1998, chap. 8).



Next we consider the missing-data mechanism model. Since we have an
incomplete data due to two covariates, each observation can be classified into
any one of four possible patterns of missingness: 1 (“Ideology” and “Cabinet-
Support” are missing), 2 (“Ideology” is observed but “Cabinet-Support” is
missing), 3 (“Ideology” is missing but “Cabinet-Support” is observed) and 4
(“Ideology” and “Cabinet-Support” are observed). Then setting the pattern

4 as a baseline, the model is written as

log (3’*) = oy + agildeology; + ax2City; + axszCabinet;
i1

+aoy4Party;, k=1,...,3, (3.2)

where ¢4 = Pr{R; = k|ldeology;, City,, Cabinet;, Party,, a} is a probability
of the kth pattern of missingness, and where a = (a9, a1, . . . , a34)T are the
corresponding regression coefficients. Note that this model consists of three
logit equations with separate parameters for each. We employed the model
for the patterns of missingness should not be ordered.

In (3.2) we allow the probability 1; depends not only on completely
observed response variable but on partially missing covariates as well, which
implies the missing-data mechanism could be nonignorable. For example, if
a1 = agz = 0, then the missingness does not depend on covariates with
missing values, implying the missing-data mechanism is ignorable; if ax; # 0
and/or axs # 0 then the mechanism is nonignorable.

Finally, following the formulation of Little and Rubin (1987, chap. 11),
the complete data likelthood for n independent observations is given by

f(Ta y,z|a, ﬁ) p) = l_n_[ f(yi|xi7 ﬁ)f(’rilxia Yi, a)f(.’l:i, p)) (33)
i=1
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where «, 8 and p are assumed to be distinct sets of indexing parameters for
corresponding distributions. In (3.3), the first two components are specified
by (3.1) and (3.2) respectively, and the third component corresponds to the
marginal distribution of z; assumed to follow a multinomial distribution with
cell probabilities p.

Based on the complete data likelihood in (3.3), ML estimates with incom-
plete data can be obtained via the EM algorithm (Dempster et al. 1977).
In particular, we apply the EM by method of weight introduced by Ibrahim
(1990), which is equivalent to doing pseudo complete data ML estimation:
(1) evaluate weights for “filled-in” N = 3" , n; observations from parameter
estimates, where n; is the number of possible distinct covariate patterns for
the ith observation (E-step), (2) estimate parameters with weighted filled-in
data (M-step), (3) iterate E and M-step until convergence. See appendix C
for detail.

Our primary interest is in a and B, with p being as nuisance parameter.
Note that a is very important since it index the distribution for the missing-

data mechanism.

4 Inestimability

The M-step involves three separate maximization for e, 8 and p. The ML
estimates of p are easily obtained since a closed form solution can be found.
The likelihood equations for 8 and for a, however, are nonlinear functions, so
the numerical optimization method is required to obtain the ML estimates. In

general, the numerical method in logit model will find a solution very readily,
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but infinite estimators are possible when the model is not appropriate in the
sense of providing a good fit to the data, and the data are badly conditioned
(see Manski and McFadden 1983).

Therefore, for certain models, it may happen that the parameters are
not identifiable. To illustrate the problem, consider the following nonignor-
able nonresponse model, consisting of the proportional odds model for party

support
log(7vij/ (1 — ) = bj — f1ldeology; — B2 City,; — B3Cabinet;;, ji=1,2,3,4,
and the multinomial logit model for missing-data mechanism

log(Yix/vis) = ako + arildeology; + axsParty;, k=1,2,3.

We fitted this model to January data, but some estimates of the multino-
mial logit model were infinite. In figure 1, we plotted iterative ML estimates
of the multinomial logit model up to the 100th EM iteration. We observed
that most of parameters converged rapidly, but a9 and a;; were not bounded
and unique.

For the multinomial logit model for missing-data mechanism, our incom-
plete data can be represented in terms of a 4x5x4 table, cross-classifying
the missingness indicator R for ideology and party support. Table 2 provides
the contingency table for the incomplete data of January.

Table 3 provides the contingency tables for pseudo complete data, men-
tioned in the preceding section, on the 5th, 20th, 50th, and 100th EM iter-
ations. In the table, the partially classified data in table 2 are filled in the
completely cross-classified table according to its possible set of realization,

along with corresponding weights evaluated in the E-step.
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Table 2: Contingency Table of Ideology, Party and Missingness Indicator R,
and Partially Classified Margin for Missing at Ideology

R
Ideology Party 1 2 3 4 row total
1 1 o 3 0 17 20
2 O 0 0 22 22
3 0 1 0 1 12
4 0 1 0 24 25
b) 0 1 0 15 16
2 1 0 1 0 6 7
2 0 2 0 21 23
3 0o 2 0 21 23
4 0 12 0 50 62
5 0 11 0 120 131
3 1 0 0 0 2 2
2 0o 0 O 3 3
3 0 0 O 4 4
4 o 1 0 23 24
5 0 8 0 180 188
(Missing) 1 0 0 o0 0 0
2 1 0 1 0 2
3 0 0 O 0 0
4 0 0 4 0 4
5 4 0 1 0 15
column total 5 43 16 519 583
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Table 3: Contingency Table of Ideology, Party and Missingness Indicator R
for Weighted Filled-in Data

(a) the 5th EM iteration (b) the 20th EM iteration
R R
Ideology Party 1 2 3 4 Ideology Party 1 2 3 4
1 1 0 3 0 17 1 1 0 3 0 17
2 0.21 0 0.72 22 2 0.02 0 0.85 22
3 0 1 0 11 3 0 1 0 11
4 0 1 1.79 24 4 0 1 2.59 24
5 0.05 1 1.2 15 5 0 1 2.56 15
2 1 0 1 0 6 2 1 0 1 0 6
2 0.54 2 0.26 21 2 0.27 2 0.15 21
3 0 2 0 21 3 0 2 0 21
4 0 12 1.92 50 4 0 12 1.31 50
5 091 11 5.5 120 5 02 11 6.08 120
3 1 0 0 0 2 3 1 0 0 0 2
2 0.24 0 0.02 3 2 0.71 0 0.01 3
3 0 0 0 4 3 0 0 0 4
4 0 1 0.29 23 4 0 1 0.1 23
5 3.056 8 4.31 180 5 3.8 8 2.36 180
total 5 43 16.01 519 total 5 43 16.01 519
(c) the 50th EM iteration (d) the 100th EM iteration
R R
Ideology Party 1 2 3 4 Ideoclogy Party 1 2 3 4
1 1 0 3 0 17 1 1 0 3 0 17
2 0 0 0.88 22 2 0 0 0.88 22
3 0 1 0 11 3 0 1 0 11
4 0 1 2.8 24 4 0 1 2.81 24
5 0 1 3.1 15 5 0 1 3.14 15
2 1 0 1 0 6 2 1 0 1 0 6
2 0.04 2 012 21 2 0 2 0.12 21
3 0 2 0 21 3 0 2 0 21
4 0 12 113 50 4 0 12 1.12 50
5 003 11 6.02 120 5 0 11 6.01 120
3 1 0 0 0 2 3 1 0 0 0 2
2 0.95 0 0 3 2 1 0 0 3
3 0 0 0 4 3 0 0 0 4
4 0 1 007 23 4 0 1 0.07 23
5 3.97 8 1.88 180 5 4 8 1.86 180
total 4.99 43 16 519 total 5 43 16.01 519
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We see from table 3 that some of the weighted filled-in data collapse to
zero as the EM iteration proceeds. The reason for this is, since the weights
are probabilities of the possible outcomes of incomplete observations, unusual
outcomes tend to receive less weight than typical outcomes. Consequently,
the weighted filled-in data are nearly zero when the corresponding cells are
unusual in the sense of weight evaluated in each iteration. At this iteration
the Hessian is nearly singular, and thus the second order conditions for finding
a maximum are not fulfilled. Furthermore, we see that the data are badly
conditioned. Compared to the pattern 4 of R, the pattern 1 has extremely
small number of data involving many zeros. This leads to the lack of sufficient
information on the parameters aj9 and ay;, resulting in infinite estimates.

The number of identifiable models is therefore limited. The models in
which the missing-data mechanism is explained by two covariates (Ideology,
Cabinet), or (Ideology, City), and by more than three covariates were ines-
timable in at least one of the three months. The inestimability arises often
in the models incorporating missing-data mechanism. See Little and Rubin

(1987, p. 239); Baker and Laird (1988) for more details.

5 Regression Results

Table 4 provides the estimation results of January data for three models
consisting of missing-data mechanism model with different sets of covariates

for f(r;|zi,yi, @) but keeping the regression model for f(y:|z:,3) fixed:

A: log(vVix/ia) = axo + axaCity; + axzCabinet;,
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B: log(v/%ia) = axo + axildeology; + axCity;,

C: log(vix/via) = aro + axzCity; + arsParty;,

fort=1,...,n;k=1,...,3. Note that both model A and B assume nonig-

norable nonresponse mechanism as they allow the probability ¥ to depend

[2Tal

on covariate with missing value, i.e., “Cabinet-Support” and “Ideology” re-

spectively, whereas model C assumes ignorable nonresponse as it depends

only on the completely observed “City-Size” and “Party-Support”.

Table 4: Estimation Results for Three Models in January

Y on X7 Ron X and Y?¥
Model Logit Ideology City Cabinet Logit Constant  Ideology City Cabinet
A log(l—:'-’,g 1.450 0.435 -1.475 log(71) -1.919 -0.686 -1.151
(9.929) (3.062) (-7.280) (-0.529) (-1.020)  {-0.410)
1og(j'—r§) -5.267 0.108 1.709
(-3.515) (0.402)  {2.397)
log(52)  -4.681 0.293 0.431
(-3.705) (0.750)  (0.803)
AIC=1615.05, Deviance=1583.05
B: log(l—_'-% 1.454 0.433 -1.504 log(71)  -5.979 1.046 -0.639
(9.999) (3.056) (-7.278) (-1.269)  (0.608)  (-0.965)
log(f3)  -1.607 -0.312 -0.103
(-2.446)  (-1.431) (-0.436)
log(52)  -4.982 0.456 0.202
(-2.561)  (0.607)  (0.533)
AIC: 1635.04, Deviance: 1603.04
C: log(l—ZJ17 1.447 0.433 -1.498 log(7)  -4.260 -0.650
(9.932) (3.057) (-7.250) (-1.914) (-0.973)
log(52)  -1.835 -0.088
(-2.805) (-0.367)
log(72) 5.171 0.151
(-3.500) (0.399)

AIC: 1639.48, Deviance: 1607.48

Asymptotic t-values in parentheses.

tTo make the table concise the estimates in intercept term are omitted.
*In logit, 1: missing at Ideology and Cabinet, 2: missing at Cabinet, 3: missing at Ideology, and 4: All observed
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The estimated coefficients, their t-values based on Louis’ formula (Louis,
1982), and model selection criteria are given in table 4. We observed that
the estimated coefficients and their t-values for the regression of Y on X
were slightly different from each other. Based on the AIC and the Deviance,
however, we found that the model A provided a better fit to the data than
any other model considered. Also, only the model A contained a significant
covariate at (two-tailed) 5% level, i.e., the occurrence of the missingness
pattern 2 (“Cabinet-Support” is missing) was significantly correlated with
the covariate “Cabinet-Support”.

Similarly, for February and March, we evaluated the fit by the AIC and
the Deviance in table 5 and found the model A fitted the data better.

Table 5: Model Selection in February and March

Month  Model AIC Deviance
Feburary A 1570.10 1538.10
B 1585.16 1553.16
C 1601.61 1569.61
March A 1465.72  1433.72
B 1470.24  1438.24
C 1476.18  1444.18

Consequently, among the identifiable models discussed in the previous
section, we chose the model A in which the missing-data mechanism related
to two covariates “City-Size” and “Cabinet-Support”. Monthly results for
the model A are given in table 6.

We examine first the results for the regression R on X and Y. In this

model, the first three missingness patterns are compared to the completely
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Table 6: Monthly Results for Nonignorable Nonresponse Model

Y on X7 Ron X and Y?
Month Logit Ideology City Cabinet Logit Constant City Cabinet
January: log(l—z-!g 1.450 0.435 -1.475 log(71) -1.919 -0.686 -1.151
(9.929)  (3.062)  (-7.280) (-0.529)  (-1.020) (-0.410)
log(73)  -5.267 0.108 1.709
(-3.515)  (0.402) (2.397)
log(72)  -4.681 0.293 0.431
(-3.705)  (0.750) (0.803)
February: log(y4- 1.435 0.230 -2.249 log(71)  -12.179 1.149 3.177
’ (8.951)  (1.529) (-10.230) (-1.825)  (1.762) (0.981)
log(72)  -4.981 -0.048 1.696
(-3.526)  (-0.192) (2.457)
log(%2)  -5.203 0.792 0.200
(-4.392)  (2.121) (0412)
March: log(l—zﬂ;) 1.300 0.676 -2.426 log(7L) 2124 0.046 -1.467
’ (7.626)  (4.260) (-10.120) (-0.836)  (0.096) (-G.736)
’ log(52)  -4272 0.155 1.067
(-3.965)  (0.633) (1.958)
log(32)  -4.043 0.264 0.194
(-3.649)  (0.727) (0.392)

Asymptotic t-values in parentheses.
tTo make the table concise the estimates in intercept term are omitted.
*In logit, 1: missing at Ideology and Cabinet, 2: missing at Cabinet, 3: missing at Ideology, and 4: All observed
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observed pattern of missingness.

“City-Size” had positive effect on “Missing at Ideology” versus “All ob-
served”, and therefore, compared to “All observed”, “Missing at Ideology”
was more likely to occur for those who lived in towns or villages.

“Cabinet-Support” exerted a noticeable positive effect on the odds of
“Missing at Cabinet” instead of “All observed” for all three months. In
particular, for a given “City-Size”, the estimated odds that the missingness
pattern was 2 (Missing at “Cabinet”) instead of 4 (All observed) was about
exp(1.067) = 2.9 to exp(1.709) = 5.5 times higher for people who did not
support the Cabinet than those who did support. That is, holding other
conditions fixed, people who did not support the Cabinet were at least 2.9
times more likely to respond DK.

The data appear to include intended nonresponse justifying the existence
of nonignorable false negatives on “Cabinet-Support”. Therefore, our finding
suggests that the ignorable false negatives assumption made by Abe et al.
(1998) may not be sufficient.

Next, we examine the results for the regression Y on X. We found that
“Ideology” and “Cabinet-Support” was significant for all three months at
(two-tailed) 5% level; “City-Size” was significant in two months, but we
chose to leave it in the model.

The signs of estimated regression coeflicients indicated that in the early
1997 a Japanese voter whose ideology was more conservative, who supported
the Hasimoto’s Cabinet, and who lived in smaller city was more likely to

support a conservative-leaning party.
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Holding other conditions fixed, the odds that a voter with conservative
ideology supported a conservative-leaning party rather than a liberal one
was about exp(2 x 1.300) = 13.5 to exp(2 x 1.450) = 18.2 times as large
as a voter with liberal ideology. Therefore, voters were at least 13.5 times
likely to support the political party ideologically similar, despite the fact that
ideological differences among voters become less pronounced in the study of
Japanese voters’ behavior. This finding is consistent with the results of
Miyake (1989, chap. 3; 1995, chap. 5) and Abe et al. (1998).

“City-Size” was significant except in February, although its magnitude
of coefficients were much smaller than those of other two covariates. The
odds that a voter who lived in a town or village supported a conservative-
leaning party rather than a liberal one was about exp(2 x 0.230) = 1.6 to
exp(2 x 0.676) = 3.9 times as large as a voter who lived in a big city. It
was found in Miyake (1989, chap. 3) that the support for the conservative-
leaning LDP was more firm in rural region, while the liberal-leaning parties
were more popular in urban area throughout 1980’s. Our founding supports
this pattern still exist in the early 1997.

Since “Cabinet-Support” was consistently and highly significant, and its
coefficient was negative, a voter who affirmatively evaluated the performance
of the Cabinet was inclined to support a conservative-leaning party. In par-
ticular, the odds that a voter who did support the Cabinet supported the con-
servative leaning party rather than a liberal one was about exp(1.475) = 4.4
to exp(2.426) = 11.3 times as large as those who did not support the Cab-
inet. The most conservative party in our research was the LDP which was

the senior partner of the coalition government at the time, and the policies of
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government strongly reflected those of LDP. Consequently, voters who were

supporting the Cabinet were likely to support the LDP.

6 Discussion

We found that voters’ stance toward the Cabinet had an influence on whether
their opinion would be expressed or not to the question of Cabinet support.
That is, people who did not support the Cabinet were more likely to stay as
nonrespondents than those who did support. Our interpretation is that the
critical attitudes or political dissatisfactions toward the Cabinet increased
voters’ likelihood of becoming false negatives.

The fifty-four years of almost consecutive conservative party rule in Japanese
politics could be a factor for the existence of nonignorable false negatives.
Since the end of the Second World War, conservative-leaning parties have led
Japanese government except for two short periods, 1947-48 and 1993-94.1t
is thus conceivable that a sizable number of voters have been reluctant to
disclose their opposition to the Cabinet, because there has been no realistic
expectation that the opposing parties win the election; and they could have
felt it unwise to express such a political opinion or have seen no merit in do-
ing so. On the other hand, the spectacular defeat in the Second World War
and the resultant American-imposed “Peace Constitution”, left a indelible
mark of pacifism in the Japanese psyche, in the sense that any actions of
Japanese government, if it involves the operation by the Self Defense Forces
outside Japan and in Japanese waters, have been seen as a thinly-disguised

attempt to restore the Second World War-type militarism. Those who ad-

22



vocate ultra-conservatism have tended to be seen as something of a pariah
because they tend to favor strong military build-up. It is therefore probable
that a significant number of these people have been hesitant to reveal their
ultra conservative ideologies. Whether these interpretations are appropriate
should be examined in future research.

Next, we found that a voter whose ideology was conservative, who lived
in smaller city and who supported the Cabinet was more likely to support a
conservative-leaning party rather a liberal one. Though these factors cannot
possibly explain all the major determinants to the political party support,
it represents a set of fundamentally important variables that is theoretically
sound and statistically significant. For the more systematical approach for
profiling voters on the party support, for instance, path analysis could be
applied. With such studies one might be able to differentiate direct and/or
indirect factors that affect the party support.

Finally, non-partisans, people who answered “Do not support any polit-
ical party” to the question of party support, was excluded in our research
though the rate of non-partisans reached at 50-60% in our data. Since non-
partisans cannot be classified according to the liberal-conservative ideology
prior to the analysis, we need to use hierarchical response scale, by which the
sample is classified first as “partisan” or “non-partisan”, and then partisans
are classified further according to the party they support. Even in that case,
our method can be applied with slight modification.
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Appendix A The Realignment of Japanese

Political Parties

When we research Japanese party support, we must take into account the re-
alignment of Japanese political parties that have been taking place in 1990’s.
It began when the Japan New Party was organized in May 1992. In June
1993, the breakup of the Liberal Democratic Party (LDP) launched the Saki-
gake (Harbinger) and the Shinsei (Renewal). In December 1994, the Demo-
cratic Socialist Party, the Clean Government Party, the Japan New Party,
the Shinsei Party, and other small parties formed the New Frontier Party
(NFP). The Democratic Party of Japan (DP) was established in September
1996 by the members of the Sakigake and the Social Democratic Party of
Japan (SDP) to represent city-voters. Eventually, by such political party
splits and new party births, there were five major political parties (LDP,
NFP, DP, SDP and Japan Communist Party (JCP)), as of January 1997.
Political differences and personal animosities led to the breakup of the NFP
in December 1997, and paved the way to the creation of six small political
parties; Liberal Party, New Party Peace, New Party Fraternity, Voice of the
People, Dawn Club and Frontier Net, in January 1998. With the addition
of the new and returning members, the LDP’s strength in the 500-member
Lower House stood at 259 as of January 1998. At the same month, the Good
Governance Party, which consisted of members of the Voice of the People,

the Taiyo Party and the From Five, arose to effectively counter the powerful

LDP.
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This realignment is thought to weaken the voters’ party loyalty. Kabashima
and Yamada (1995) found, in the four panel surveys from July 1993 to Febru-
ary 1995, that voters were changing their parties much like “one might change

television channels”.

Appendix B Coding of Variables

The answers are coded as follows:

Party-Support 1 (JCP: Japan Communist Party), 2 (SDP: Social Demo-
cratic Party of Japan), 3 (DP: Democratic Party of Japan),
4 (NFP: New Frontier Party), 5 (LDP: Liberal Democratic

Party).

Ideology 1 (liberal), 2 (moderate), 3 (conservative), -9999 (don’t
know).

City-Size 1 (thirteen big cities: > 1,000, 000), 2 (other cities: 1,000, 00—

50, 000), 3 (towns or villages: < 50,000).

Cabinet-Support 1 (I do support the Hashimoto‘s Cabinet), 2 (I do not
support), -9999 (don’t know).

We do not consider non-partisans in our analysis because the behavior of
non-partisans is beyond the scope of this article, and also supporters to other
small parties because the number of these supporters are very small and our
measurement scale for party support is well defined. For “Ideology” we used

three-point scale, by combining some of the ten categories used in the survey
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into the same category, but it is known that the number of categories in case
of such an ordinal scale data does not influence the nature of analysis. The

categories for other variables are exactly the one used in the survey.

Appendix C Parameter Estimation via EM

Let (x1,¥1),-- -, (Xn,Yn) be a set of n independent observations, where each
X; = (za,...,Zip) is an observation vector of p covariates and y; is a polyto-
mous response with J categories. We specify the joint distribution of (x;, y;)
by a conditional distribution of y;|x; and a marginal distribution of x;.
Without loss of generality, let us denote y; = (vi1,...,¥:is)T as an indi-
cator vector for the ¢th response, and suppose y;|x; has a multinomial dis-
tribution with probabilities #w; = (m;,...,ms)T. If the response categories
can be ordered, however, it is more convenient to deal with the cumula-
tive response vector z; = (z,...,27)7 and cumulative probability vector

i = (¥i1,- - -,%s)T, instead of y; and m; (see McCullagh and Nelder 1989).
The probability density function for z;|x; is given by

J
f(Zi|xi; ;) = exp {Z(z,-,- — 2i5-1) log (i — %,j—l)} : (C.1)
j=1

where 2z;p = 0 and v, = 0.
For the cumulative probabilities v;; = v;;(x;) = Pr{Y¥; < j|x;} we consider
the following proportional odds model (see McCullagh and Nelder 1989):

7ij(xi) ) Y * . 1
log [ —2—"— | =Y 2.8, i=1,...,n; j=1,...,J -1, (C.2)
(1 — i5(Xq) ; !
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where z;;, is the element of an n(J—1) x p* matrix X*, and ; is the element
of a vector B8* = (b1,...,bj_1,—P,...,—PBp)T with dimension p* = J —1+p.
Note that the negative sign in 8’s is a convention ensuring that large values of
covariates lead to an increase of probability in the higher-number categories,
and that b; must satisfy b; < by < ... < b, to ensure that the probabilities
are non-negative. The (%, ) row of X* has components (0,...,1,...,0,x;),
with the unit value in position j. Consequently, the sth block of J — 1 rows is
X; = [Iy-1: 1;_1x;], where I;  is an identity matrix, and 1;_; a (J—1) x 1
vector with unit values.

Next we consider the distribution of covariates. Since all of the covariates
are categorical, there exists C = [[F_, C, different possible combinations of
levels of covariates or covariate patterns, where C, is the number of categories
for the rth covariate. We suppose that xj,...,Xx, are random sample from
the multinomial distribution with cell probabilities p = (p1,-..,pc)T. Then
the probability density function for x; is given by

c
fox ) =TT, (C3)
where [;(x;) is an indicator function that ith observation x; belongs to the
Ith covariates pattern and p; is the corresponding probability.

In addition to specifying the joint distribution of (y;,x;), we need to
specify a distribution of the missing-data mechanism given data when the
missing-data mechanism is nonignorable. Without loss of generality, denote
K = 2#mis. var. 55 the number of missingness patterns, where #mis. var. is
the number of variables with missing value, and let R; = (R;, ..., Rix)T as

an indicator vector of missingness, where Ry (k = 1,..., K) takes value 1 if
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the 7th observation vector v; = (x;, y;) belongs to the kth pattern of missing-
ness. Assuming that r;|v; has a multinomial distribution with probabilities

¥; = (Ya, ..., %ix)T, the probability density function for r;|v; is given by

I‘, |Vn '¢ H "pzkr'k (0-4)

For Yir = vYix(vi) = Pr{R; = k|v:}, we consider the following multinomial
logit model or baseline category logit model (see Agresti 1990). The model,

when the last category (K) is the baseline, may be written as

1/’¢k(Vi)) L :
lo =) v, i=1,...,n k=1,..., K —1, C.5
o (ftey) = X (©9

where v}, is the element of a (K —1) xp** matrix V; = [Ix_; : Ix_1Qv;], a} is
the element of a vector a* = (ay,...,ax_1,a7,...,ak ;)T with dimension
p* =(K—-1)+ (K —1)(p+ 1), and ® denote Kronecker product.

Finally, let @ = (a*T,8*T, p7)T, and suppose a*, B* and p are distinct
sets of parameters. The complete data loglikelihood of @ for n independent

observations may be written as
Z l(olxi) Yi ri)
i=1
= Z {lzilxi (ﬂ*) + Ix, (P) + lr'i|vi(a*)}
i=1

n J
=y { (2ij — 2i,5-1) log (5 — ¥ij—1) + Z Ii(x;) log p1 + Z rik log %c}
1

i=1 | j= =1 k=1

(C.6

where lz,ix,(8°), Ix,(p) and Ir,jv,(a*) are the contribution from the corre-

sponding distribution specified by C.2, C.3 and C.5.
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Based on the complete data loglikelihood in (C.6), the ML estimation of
0 with incomplete data can be obtained via the EM algorithm. We write
Xi = (Xobs,i, Xmis;i), Where Xops; and Xmis; denotes the observed and missing
components of x;, respectively. Then, following the formulation of Ibrahim

(1990), the E-step of the EM is defined as

Q016"
= Y Exp. [l(9|xi7 Yi>Ti)|Xobs i, Yi> Ti a[s]]
=

- Z Z wES] 'l(olx‘hYbri)

=1 Xmis,;
= XY wl mxB)+ Y 3w k@) + Y 3w invi(e)
=1 Xy 4 =1 Xpin 5 =1 Xymin s
(C.7)
where w,[s] = Pr(Xmis,i|Xobs > ¥i> Té 0[3]) are the weights corresponding to the
incomplete observations, and given by
o Pr(zixi, B)Pr(xi|p®) Pr(r;|vi, o)) (C8)

> Xomie,s PT(@i[%i, B ) Pr(x;] pl#l) Pr(rs|vs, ole])
The M-step of EM is to estimate @ which maximizes the loglikelihood in
(C.7), which is equivalent to doing complete data maximum likelihood with
each incomplete observation replaced by a set of weighted “filled-in” obser-
vations. Note that the expression in (C.7) takes the form of a weighted
complete data loglikelihood based on N = ¥}, n; observations, where n; is
the number of possible distinct covariate patterns for the ith observation.
Therefore, at the sth iteration, the EM algorithm is carried out by the

following steps:
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E-step : Calculate the weight w,[s] in (C.8) from the current estimate 0°! =
(e, 8, pl]).

M-step : Maximize the loglikelihood in (C.7), with respect to 8. Note that
this maximization step involves three separate maximization, for 8*,
o’ and p. These ML estimates are regarded as the new parameter

estimates Q1*T1,

In the M-step, the ML estimate of p are easily obtained since a closed
form solution for p in (C.7) can be found. This ML estimate of p is regarded
as the estimate p/*+1l. The likelihood equation for 8* and for a* in (C.7),
however, is nonlinear, so the numerical optimization method is required to
obtain the ML estimates. We use the Fisher’s scoring method.

From the expected information and the score with respect to B8*, the

iterative estimate for B* at the (¢ + 1)st scoring iteration is obtained by

N ) ~
ﬂ*[t—'.l] — ﬂ*[t] 4 {(Z X:TWLS]Azr:Ale)

i=1

N
ZXZ WYA; (2, — ‘Yi)}|
=1

(C.9)

where X is a (J — 1) x p* matrix, generated by X}, in which any observation

B-p"

vector of covariates with missing components is replaced by a set of possible
distinct covariate patterns; Wgs] = diag{wl{s]} isa (J—1) x (J—1) diagonal
matrix of weight; A; = diag(vyin(1 — va), ..., Yig-1(1 — Yip-1))) is a (J —
1) x (J —1) diagonal matrix; I'; is a generalized inverse matrix of variance-
covariance matrix (see McCullagh and Nelder 1989, p. 168). Note that at

convergence, we take the convergence value of iterative estimate for 8* as

ﬂ* [s+1] .
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Similarly, we have the iterative estimate for a* as follows:

?

N . *«T ~ % . ~ «T
't = ot 4 (Z \Z WEs]EiVi> Zvi WES] (r:i — ;)
i=1 i=1

a-t:at[t]
(C.10)

where V is a (K —1) x p** matrix, generated by V;, in which any observation
vector of covariates with missing components is replaced by a set of possible
distinct covariate patterns; W = diag{w,[s]} is a (K —1) x (K —1) diagonal
matrix of weight; X; = {diag(e;) — 9T} is a variance-covariance matrix
for r; with rank (K — 1). At convergence, we take the convergence value of
iterative estimate for a* as a**+1,

For a prescribed convergence criterion € > 0, the EM algorithm terminates

if |8 — 0| < ¢ and we take the ML estimate & = 6. Note that

although our main interest is in the estimate of 8* and a*, we also estimate
p, which is nuisance parameter, in the M-step to proceed EM algorithm.
The asymptotic variance-covariance matrix of ML estimate is obtained
by inverting an observed information matrix based on observed data. We
can use Louis’ formula (Louis, 1982) to compute the observed information in

terms of complete data quantities (see, e.g., Abe et al. 1998).
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