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Abstract

In the past, survey researchers assumed that the respondents held opinions
which could be obtained by asking the proper questions. This idea - the ‘file
drawing model” for survey response - was criticized strongly by Converse in
1964, but also strongly defended by Achen (1975), Erikson (1978, 1979), and
Judd et al. (1981). Zaller (1992) introduced the idea that people create their
response on the spot when they are asked a question on the basis of the most
salient considerations. The saliency of the different considerations can vary
with the context in which the question is asked and the formulation of the
question itself. This approach has gained a lot of attention in the last 20 years
(Tourangeau et al., 2000; Tourangeau and Rasinski, 1988, Wilson and
Hodges, 1991). In this study a model has been developed that unifies these
ideas into one model (van der Veld and Saris, 2004). For this purpose a
theory is needed that describes how a question leads to a response. This
theory should account for the fact that the response could be different from
the opinion, due to the (bad) quality of the measurement procedure.
Furthermore, the model should allow that an opinion is made up of pre-
existing or stable considerations and temporary or unique considerations. A
structural equations model that follows from the mathematical description of
the survey response for an individual has been developed. With this structural
equations model it is possible to decompose the variance of responses into
three different components that also can be linked to commonly used concepts
in survey research. The variance of the responses will be decomposed in
variance due to pre-existing considerations, temporary considerations, and
measurement error. These three variance components can be linked to
opinion stability, opinion crystallization, and measurement quality
respectively.
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Historical Background

The quality of survey data has been criticized ever since survey research. This criticism
became even more acute when Philip Converse (1964) found that most people did not provide
responses to survey items from an underlying stable and consistent belief system. He found
that most people seem not very confident about the responses they provide when the question
concerns political issues. One is therefore inclined to question the value of the response, i.e.
whether the response can be trusted as an indication of an opinion. And consequentially
whether that opinion has any substantive value. This suspicion was supported by the fact that
responses on the same question across time were very unstable, indicating random changes of
opinions. And also by the fact that scores on logically related variables were inconsistent.
This was found to be true for the larger part of the population. On the other hand, a small part
of the population did have a so-called stable and consistent belief system. Because of this
discrepancy Philip Converse named this model “black and white” model.

The conclusion that measured opinions are essentially worthless is an unwelcome conclusion
because normative theories in the field of political science require that the public have some
political knowledge, at least enough to cast a deliberate vote. Therefore not everybody
(Achen, 1975; Erikson, 1978, 1979; Judd et al., 1980; Feldman, 1989) could accept the
conclusion that most people have no opinion because they give very inconsistent responses. In
1975 Christopher Achen came with an alternative explanation for the response inconsistency.
He claimed that survey items are vague and therefore respondents have problems selecting the
proper response alternative. This leads to mistakes, and a response could thus contain
measurement error. If that measurement error is separated from the response, then the opinion
remains stable. In order to separate measurement error from the response he used a quasi-
simplex model. Analyses of the data for the same political issues showed that opinions were
very stable after correction for measurement error, even when responses were very
inconsistent as Philip Converse (1964) found.

Although both approaches give different explanations for response inconsistency, they agree
on the nature of the opinion. That is, in both approaches it is assumed that opinions rest in
memory (or not when the opinion does not exist), waiting to be expressed by means of a
survey item. However, having an opinion stored in memory leads to puzzles when the
implications are traced out. The assumption of having an opinion implies that for all questions
imaginable an opinion is stored in a person’s brain. And even though our storage capacity
may be adequate, it is very unlikely that this is so. Moreover, how could it be possible to have
an opinion stored about something that is still to come (Boynton, 1995), or that will never
happen or that does not exist? This idea undermines the bases of the old response models
where it is assumed that the opinion is stored in memory. In addition, measurement error as an
explanation for response inconsistency was not accepted universally. For example John Zaller
and Stanley Feldman (1992) called measurement error just another term for unexplained
variance. In his book 'The nature and origins of mass opinion’ John Zaller (1992) claims that:

...These findings [the inconsistencies| are more than methodological curiosities.
They seriously undermine the conventional view that surveys are passive measures
of “what the public really believes.” More ominously, they raise the fear that a
large fraction of what opinion researchers measure is either random or systematic
“noise”. ... (Zaller 1992, p. 35)

Having established that having an opinion stored in memory for all questions is unlikely and



that measurement error is the admission of the weakness that one is unable to explain what a
response consists of, other explanations are necessary. John Zaller and Stanley Feldman
(1992) came up with a different model for the survey response. They claim that respondents
create opinions on the spot each time a survey item is asked. Response inconsistency is
explained by possible differences in question wording and changes in context. Thus, when a
respondent is probed twice for the same opinion, differences may occur due to the fact that
different considerations are triggered with which the opinion will be created. In this approach
it is implicitly assumed that the opinion created on the spot has an exact match among the
possible response alternatives, suggesting that measurement be without measurement error. In
other words, there is no difference between the response and the opinion.

All three models for the survey response have their merits. Philip Converse’s model stresses
that responses to political survey items often lack consistency and stability. Christopher
Achen’s model stresses that a response could contain measurement error, and due to that the
response is not necessarily the same as the opinion. And John Zaller and Stanley Feldman’s
model stresses that the salient considerations are mainly unique considerations that can have a
major impact on the response. In order to develop a comprehensive model for the survey
response these important views should be brought together.

Overview

We will first provide a new comprehensive theory for the survey response that emerges out of
the existing theories of the survey response. That is a theory unifying the ideas of Converse,
Achen, and Zaller and Feldman. We then formulated a structural model to test the theory, and
we will show how this model unifies the ideas of Converse, Achen, and Zaller and Feldman.
Then we will present the data that we use to test the model. We have compared this data with
the NES panel data (1956-1960). With this data we have estimated the parameters of the
structural model that govern the survey response process, these parameters are stability and
the crystallization of an opinion, and the quality of the survey measurement instruments. In
addition we will discuss identification and design issues in order to anticipate possible
shortcomings of the structural model. Finally, we will discuss the results of the analyses, as
well as the implications of the model and theory.

Theoretical framework

Our starting point is that we assume that words or combinations of words in a survey item are
associated with one or more nodes in a semantic network (Quillian, 1966; Smith, 1998).
When a survey item is presented some words of the survey item immediately trigger the
activation of nodes in that semantic network. While reading or hearing the question the
activation of nodes spreads in a way that is directed by the question wording and by (strong)
associations with already activated nodes. Furthermore, the connection of all activated nodes
represents the respondent’s opinion. However, it is not clear how that works. We therefore
assume that during the spreading of activation evaluations are made, either deliberate or
automatic (Wegner and Bargh, 1998) that are combined into a representation of a summary
judgment, which we call the opinion. We can see that this is a one-step process where it is not
possible to identify different phases in the answering of a survey item such as the
interpretation [or comprehension], the retrieval [or information-searching], and an evaluation
[or judgment] phase. In the literature on the survey response the distinction between these



different phases is often made (Schwarz et al. 1998; Sudman et al., 1996; Tourangeau et al.
2000). Although such a distinction is convenient for the sake of understanding the process, we
think - as we pointed out here - that it is implausible to make these distinctions.

The next point is that we assume that a survey item is a combination of a question and a
measurement method. A question is directly related to the object of study; it is the premier
stimulus probing for an opinion. A measurement method is related to the wording of the
survey item and is determined by the choices that we make about the form of the response
scale, the place of the question in the questionnaire, the presence of an introduction, the
choice of the data collection mode, and all other possible choices that must be made when
designing a survey item (Andrews, 1984; Scherpenzeel and Saris, 1997). It is important to
note that the question and the measurement method are not independent entities; they cannot
be separated completely from each other. However, it has been found that responses differ for
the same question if the formulation of the question is slightly different (Schuman and
Presser, 1981; Andrews, 1984; Scherpenzeel and Saris, 1997; Holleman, 2000), suggesting
that different measurement methods cause different measurement errors. But not different
opinions, provided that the guestions remains the same.

In accordance with what we mentioned earlier we assume that the opinion is a combination of
evaluations. These evaluations are made concurrent to the spreading of activation, and are -
for a specific question - always made in one dimension. This might for example be a positive-
negative dimension, but it might also be in another dimension such as good-bad. The
evaluation function transforms - what we shall call for the sake of simplicity - bits of
information into real numbers. Because the information might be in any dimension, and the
result of the transformation should be in only one dimension, there are multiple functions
necessary transforming a score on different dimensions to one dimension. Below this function
T is presented. The d in the subscript of the function represents the specific dimension of the
information, that is, the arguments are found in that dimension. Hence the information (I) uses
the same superscript. With this function it is possible to transform associations with apples
and pears to a general scale for the tastiness of fruit, so to say.
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An object has a position on a dimension I which will be denoted by I%. We make the
following restriction that the subjective ordering of the information is the same as the ordering
of the numerical representations. In other words, when 1%, has an equal or lower position on
the dimension I than 1%, then':

Ta(1%) < Ta(1%)

Above we mentioned that the opinion is the combination of evaluations, but we did not yet
specify how the evaluations are combined. One could combine the evaluations in several
ways, for example with mean-functions or additive functions (Von Neumann and
Morgenstern, 1947; Anderson 1970, 1981, 1996; Miinnich, 1998; Luce, 2000). We suggest
that the evaluations should be combined by addition of the evaluations. This is not
uncommon, in utility-theory the utilities are also found to be additive. We can now write for
the opinion:

O=T(I')+ ...+ To(I*) + ... =Y To(I") Equation 1



This theory does not imply that people are consciously adding the evaluations. It could well
be that most of the summation is masked but still generates a number representing the
automatic evaluations. This generated number could in turn be adjusted with evaluations that
consciously come to mind after or even during the masked summation.

In the introduction we mentioned that historically there are two ways of looking at the survey
response. The first is that the opinion corresponding to a response is stored in memory and the
second is that the opinion is created in memory. We pursue our goal to unify these ideas and
assume that the opinion is the combination of two different sets of evaluations. There is
information which is evaluated over and over again and generates the same result when a
question 1s asked repeatedly; we call this the stable part of the opinion. This stable part
corresponds to the notion that opinions are stored in memory, we can think of attitudes, or
belief systems, ideology, etc. And second, there is information that is evaluated only once, at
least within a certain time frame, and generates a unique result; we call this the unique part of
the opinion. This unique part corresponds to the notion that opinions are created at the time
the question is asked or on the spot. The opinion now consists of a stable and a unique part.
However the stable part could also change, i.e. people might learn new information. New
information can have an enduring effect and thus we need an extra set of evaluations that is
new at some point in time and becomes part of the stable part from that moment on, again
within a certain time frame.

The opinion now consists of three parts that we conveniently label S, N, and U that refer
respectively to evaluations that are stable, new, or unique. Hence, there is no overlap of the
information in the different parts. For example when I; belongs to the stable set then it cannot
belong to either the unique or new set. Since all evaluated information determines the opinion
and the information can be split up in three distinct parts (S, N, and U). Each of these
evaluations can be written as equation 1, taken into account a limited set of non-overlapping
information. The opinion is determined by the sum of all information (equation 1) which can
also be written as the sum of the three evaluations (S, N, and U).

O=S+N+U Equation 2

We will present an example to clarify how we think this model works. Imagine that we ask
you about your satisfaction with your social contacts. Normally, your social contacts are
relatives, friends, neighbors, and colleagues. Across the years, you could make new friends,
switch jobs and get to know new colleagues, get new relatives by marriage or birth, et cetera.
You can also lose friends, colleagues, or relatives due to disputes, decease, moving, or for
other reasons, and there are also contacts which prevail only for a very short time, for
example during a holiday or during a party etc. Some of these contacts are positively (+)
evaluated and others that are negatively (-) evaluated. Some of these relations continue for a
long time (S), some are new but enduring (N), and some are new but only for a very short
time (U) so they are unique in a sense. When the survey item is posed you will make a total
evaluation that is the sum of the evaluations of all relations, hence we can also say that it is
the sum of the evaluations of the contacts in the different groups specified above (S, N, and
U)".

Now that we have explained how the opinion can be formulated when a survey item is asked
we turn to the response. We have already mentioned that we assume that a survey item is a
combination of a question and a measurement method. This question is the premier stimulus
probing for the opinion. The combination of the measurement method and the guestion, which



we call the survey item, is used to obtain a response associated with the opinion. Note that in
this formulation the response might be different from the opinion due to the measurement
method used. We are convinced that the opinion (at a specific point in time) exists
independently of the measurement method. Let us illustrate this point with an example
(Schwarz et al. 1991). In a split-ballot experiment the question was asked how successful have
you been in life so far. The only difference between the two groups was that one group
received an 11-point scale ranging from 0-10 and the other group that ranged from -5 to +5.
Given that the randomization procedure works, we do not expect any differences between the
two groups regarding their averaged perceived success (latent) in life so that the opinion is the
same for each group. The average response score (observed) on the other hand could differ
between the groups due to the different measurement method, even after a linear
transformation of the scores to a common scale. The group that received the measurement
method with the negative numbers reported themselves more successful on average. Our
explanation for this deviation is that connected with each measurement method there is a
specific error. The consequence is that the same opinion could be expressed in different ways
when different measurement methods are used, we refer to this as a matching process. In this
matching process errors are made that are connected to the measurement method. For more
details about matching processes we refer to Saris (1987a, 1987b) for continuous variables
and to Anderson (1982) for categorical variables. We propose here to use a formulation (Lord
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and Novick, 1968) that is as simple as possible™.
R=0+e Equation 3

In equation 3, O is the opinion and R is the response. The difference between the opinion and
the response is the measurement error e. These measurement errors are made in the matching
process connected to a specific measurement method.

This completes the theoretical framework, where we have explained (1) how the opinion is
the result of the combination of evaluations (integration), and (2) how the response is the
result of the matching of an opinion with a response option (matching). The whole theory is

summarized in equation 4, where equation 2 is substituted in equation 3.

R=S+N+U+e Equation 4

Model specification and design

The theoretical framework (equation 4) is presented as a model for a single individual. In
addition to that, we would like this model to apply to the whole population, so that the
contribution of the different elements (S, N, and U) to the response is made explicit.

In order to study the process over time we must introduce an index for the time. The reason is
that uniqueness and stability can only be studied across time. In addition, each measurement
method could have its own effect on the response therefore we introduce a measurement
method index (m). We assume that for all individuals the response process is the same, which
implies that equation 4 applies to all respondents. And we further assume that the opinion of
all individuals is expressed on the same dimension, so that responses can be meaningfully
compared across individuals. This allows us to reformulate the model with random variables
(equation 5). Note that ‘the same response process for all individuals’ does not imply that they
all use the same information. As a matter of fact the information and the evaluations



connected to the information should differ from individual to individual otherwise the
variables in the model would be constants.

R, =S, +N,+U, +e, Equation 5

The indices of the variable Ry, in equation 5 refer to the fact that the response variable R is
observed at some point t in time with measurement method m. We can also see that the
response variable is partly determined by the variable S from a previous point in time (t-1).
We could change this formulation by substituting S; for S¢; + Ni. We have applied these
substitutions in the formulation of the model.

St = S + Ny
Ot = St + Ut Model ]
Rm = O + em

In the first equation of model 1 we see the variable S, this variable represents evaluations of
information that is stable for each individual. In the remaining of this essay we will refer to
this variable as the stable opinion. We can see that this variable is the addition of the stable
opinion at a previous point in time and the variable N The latter variable represents
evaluations of information that for each individual is new at that point in time and that will
remain at least until the next point in time. We will refer to this variable as the new stable
opinion. Furthermore we have introduced the variable Oy that represents the evaluation of
information that for each individual is both stable (and new) and unique. In the remainder of
this essay we will refer to this variable as the opinion. The variable U; represents the
evaluation of information that for each individual is unique at that time, we will refer to this
variable as the unique opinion in the remainder of this essay. And in the last equation of the
model we recognize the response variable Ry, which represents the opinion expressed on a
specific response scale m. It can be derived that the opinion is obtained by subtracting the
measurement (ey) error from the response.

In order to make the link between the model presented here and quality criteria often used in
research the variables in this model are standardized. To standardize the variables they first
have to be expressed as deviation scores, so that their means will be zero. We denote these
variables with a ‘d’ in the superscript. Then we can standardize (Saris and Stronkhorst, 1984)
all the variables - except for Ny, Uy, and ey, - which lead to the following equations (model 2)
by dividing them by their standard deviation. In doing so, the effect parameters that were
equal to 1 in model 1 become equal to the ratio of the standard deviation of the causal variable
divided by the standard deviation of the effect variable. This result of standardization is
presented in model 2

Si} = St * Sit-l + N:t
O t — Ct S t + Ut Model 2
R m= Jtm * O + €m

Where ,
S**t = Sdt/GSt St-1 = Osi.1/ Ost N,t = [1/0s] «N;
O*t = Odt/GOt ¢t = Os¢/ Oot U:t = [1/ 00 = Ui
Rm= Rdtm/ ORt Qim = 0ot/ ORrt €m = [1/ORrm] *€m

*
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St1= S/ 0se1



The coefficients in model 2 are linked to commonly used concepts in survey research:

- The coefficient gy, 1s the quality coefficient of measurement method m at time t.
The square of this coefficient is the strength of the relationship between the
opinion and the response, and q’m we call the quality of the measurement
instrument. By definition, the quality is the complement of measurement error
variance. This follows from the formula: qztm = 1-var(ey).

- The coefficient c; is called the crystallization coefficient of the stable opinion at
time t. The square of this coefficient is the strength of the relationship between
the stable opinion and the opinion at time t, and ¢ we call the crystallization of
the opinion. By definition, the crystallization is the complement of the variance
of the unique opinion. This follows from the formula: czt = l—Var(U’t).

- The coefficient s is the stability coefficient of the stable opinion. The square
of this coefficient is the strength of the relationship between the stable opinion
at time t-1 and t, and s*.; we generally call the stability of the stable opinion.
By definition, the stability is the complement of the variance of the new stable
opinion. The variance of N indicates the amount of change in the stable part.
This follows from the formula: szt,t_l = l—Var(N’t).

We can rewrite model 2 into the same form as equation 5 so that the contribution of each
variable to the response is made explicit. Equation 6 shows how much the measurement error
(¢ m), the unique opinion (U, the stable opinion at time t-1 (S'w1), and the new stable
opinion (N';) contribute to the response.

* * El El ’ .
R tm = qm *CexSte1*S 1+ Qum* Cox N+ g+ U ¢+ € m Equation 6

It would be attractive if the parameters of model 2 could be estimated. This requires a design
and a set of assumptions. First the assumptions regarding the variance, mean and relations
between the variables; it is assumed that the variables at the right hand side of the equation
(equation 5) are independent of each other. The argumentation for this is given earlier in this
section, and boils down to the fundamental idea that there cannot be overlap within
individuals for sets of evaluations (stable, new, and unique), and also that the opinion exists
independently of the measurement procedure. Second, the design to estimate the parameters.
A design that allows the estimation of the parameters contains six observations using the same
question, in a three-wave panel. In each wave this question should be repeated”. Note that this
does not mean that the measurement method should be the same. Data from that design could
be analyzed with the path model presented in figure 1. Feldman suggested a similar model in
1989; however that model was not identified because only 1 indicator was specified for each
opinion.



Figure 1: Path model of the standardized response model.
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To interpret the path model given in figure 1 we will start at the bottom. Respondents are
asked to provide two responses in each wave (interview) on the same question, but not
necessarily the same survey item. So the measurement methods may differ within and across
the waves. The responses to a specific survey item at time t observed with measurement
method m are denoted by R*tm. The responses contain measurement errors (e’tm). If the
responses are corrected for measurement errors, one obtains the opinion (O") at time t. The
relationship between the opinion and the response is the quality coefficient qyp.

The opinion at time t is denoted by O".. The relation between the opinion and the stable
opinion is the crystallization coefficient c.. The opinion at time t is the (weighted, due to the
coefficients) addition of the unique opinion (U ) and the stable opinion (S ).

For each interview it is assumed that there is only one unique opinion (U ). This idea is in
disagreement with what Zaller and Feldman (1992) suggested. They suggested that each time
a survey question is asked the opinion will be constructed on the spot from unique
considerations, because the context has changed. The context in which a survey question is
asked is much more than the interview alone, so the change of context within an interview is
rather small, compared to the change of context across the interviews. Furthermore, it should
not be the intention to change the opinion within an interview. Finally, even if there is a
change of opinion within the interview, i.e. different unique opinion are taken into account,
then this change is just a very small fraction of the change that occurs across the interviews.
Hence we might make an error by assuming that there is only one unique opinion (per
respondent) within an interview, but that error will be very small.

The stable opinion at time t is denoted by S".. The relation between the stable opinion at time t
and time t-1 is the stability coefficient s;. The stable opinion is the (weighted, due to the
coefficients) addition of the stable opinion S . at time t-1 and the new stable opinion (N ;).



This model is in complete agreement with model 2 extended, however, to a set of 6 measures
in three different waves. In the section estimation and identification we will show how this
model can be identified and estimated. An empirical test of the model is presented in the
section results. We shall now discuss how this model relates to the ideas suggested by
Converse (1964), Achen (1975), Zaller and Feldman (1992).

Ideas of Converse (1964), Achen (1975), Zaller and Feldman (1992) unified

Model 2 unifies the arguments made by Converse (1964), Achen (1975), and Zaller and
Feldman (1992) in one single model. When we apply their arguments to our model, we can
generate the same results. And these are the ‘problematic’ finding that the correlation across
time between the same variable is close to zero. Note that this result can only be found in
panel surveys. Converse made the argument that the close-to-zero correlation was an
indication that most people did not have an opinion. Achen claimed that low correlations were
an indication that measurement instruments were of poor quality. And finally, Zaller and
Feldman suggested that low correlations" were an indication that people created opinions on
the spot, whenever asked a question. We will show that all the arguments mentioned here can
also follow from the model we have proposed. This will be shown using the expression
(equation 7) for the across time correlation between R;; and R,3 that follows from the path
model shown in figure 1. Note that the response variables are measured at different points in
time, with different measurement procedures.

PRr11,R23 = 11 * €1 * Sp1 * Co * (3. Equation 7

Converse (1964) attributed the small correlations across time to the fact that (most) people do
not have a stable opinion. If we assume that Converse was right then the stability (s;;) should
be 0. If we substitute this value in equation 7 then correlation between R*n and R*23 becomes
0. This value is a little exaggerated compared to Converse’s findings, but it shows what
happens when there is (almost) no stability.

Achen (1975) attributed the small correlations across time to the fact that measurement
instruments were not perfect. In addition he found that opinions were not as unstable as
previously thought (Converse, 1964). If we assume that Achen was right, then quality (q;; and
g23) of the measurement instrument must be low and at the same time the stability (s;;) of the
opinion must be high. For example when the quality is 0.5, the stability is 0.9 and we
substitute these values in equation 7, then the correlation (pgiir23) across time will be 0.22 or
smaller. The maximum, in this special case 0.22, is attained when the crystallization equals 1,
however we would expect that the crystallization is usually lower than 1. We can see that it is
possible to reproduce Achen’s results and conclusions with our model.

Zaller and Feldman (1992) attributed the small correlations across time to the fact that people
create opinions on the spot. If we assume that these authors are right, then the response is
almost completely determined by the unique considerations. In other words, the
crystallization is then approximately 0"". When in equation 7 the value 0 is substituted for ¢,
and c,, the correlation (pr;1r23) across time also becomes zero. This shows that our model also
covers the suggestions of Zaller and Feldman.

The advantage of our model is that it takes all three ideas into account. It would be even nicer
if we could show that the different parameters of model 2 could be estimated so that we can
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suggest which characteristics of a measure causes the fact that the variables are not so highly
correlated through time as we might expect. Next we will show that the parameters of the
model in figure 1 are identified and that the coefficients can be estimated. We will illustrate
how this is done using data from a Russian panel study.

Data

The data that we use are collected in the RUSSET panel, which is the Russian socio-economic
transition panel. This study has been done by a group of Dutch researchers in collaboration with
the Institute for Comparative Social Research (CESSI) in Moscow. The panel existed from 1992
until 1999 and consisted of 7 waves with an interval of approximately one year. The universe
covered is the population aged 18 and above living permanently in Russian territory. The area
probability sampling method for national surveys (Kish, 1965) has been used to draw a
multistage sample. The method of administration of the survey was face-to-face interviewing
(paper and pencil) in the respondent's home. More information about the RUSSET panel can be
found on http://www.vanderveld.nl.

In the RUSSET panel variables have been measured that largely follow the design we need
for our model. We picked 7 different variables that are cover a variation of issues, from
satisfaction with housing to policies on minorities. All these variables were, in agreement
with the design, observed six times, twice in wave 3, twice in wave 4, and twice in wave 7 of
the panel. Across and within the waves we have used the same core guestions to measure our
variables. The formulations of these core questions are given in table 1, exact formulations
can be found on http://www.vanderveld.nl.

Table 1: Formulation of the questions used in this study.

Proud Russian As a Russian there is not much to be proud of

Minority education ~ National minorities should be allowed to have education in their own
language

Minority medical Minority groups who live here illegally, should not get access to

access medical and educational facilities

Satisfaction housing How satisfied are you with your housing conditions at present?
Satisfaction contacts How satisfied are you with your social contacts at present?
Disappointing Most people are disappointing once you get to know them better
people

Influence over life 1 have little influence over the things that happen to me

For all seven different variables we can estimate the model. We will refer to these sets of
variables as datasets, although they are not datasets in the natural sense. So in total we have 7
datasets, each containing six variables observed with the same question. For each dataset we
have estimated the covariance matrix with PRELIS2E (Joreskog and Sérbom, 1996). Sample
sizes and case deletion methods for each dataset can be found in appendix A. The correlations
matrices and univariate statistics can be downloaded from http://www.vanderveld.nl. The
covariance matrices were analyzed using the maximum likelihood estimation procedure in
LISREL 8E (Joreskog and Sorbom, 1993). This procedure was applied to the data even
though some variables are not normally distributed. However, the robustness studies of
Anderson and Amemiya (1988), Satorra and Bentler (1990), and Satorra (1992) have shown
that this so called “quasi maximum likelihood” estimator is robust under quite general
conditions.
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Comparison of the RUSSET data with the NES data

The RUSSET panel is a panel study focused on socio-economic transitions. During the
period just after the collapse of the Soviet Union many social, political, economical, and
cultural changes have occurred that influenced all Russians’ living conditions. The panel
was used to capture the individual changes and living conditions during that period. In
this respect the RUSSET data is different from the National Election Studies, because the
NES studies are meant to track political attitudes. In table 2 we presented some figures
from the NES panel (’56-’60) and the RUSSET panel. The NES data are taken from Achen’s
(1975) article on mass attitudes. The RUSSET data are the same data that are used in this
article.

The figures in the column ‘across’ are the averages of the correlations between the three
waves. The figures in the column ‘within’ are the averages of the correlations of the
repeated observations within each wave. The variables from the NES panel are different
from the RUSSET panel, which makes variable~-wise comparison of the correlations not
possible. We therefore can only look at the size of the correlations. The low correlations in
the NES panel, especially on the housing and electricity issue, lead Converse (1964) to
develop his Black and White model. He took these low correlations as indications of ‘non-
attitudes’. It appears that for the RUSSET data, the correlations are also in the same range
as the housing and electricity issue in the NES panel'ii, The simple thought would be to
assume — in line with the black and white model - that (most) Russians have no attitudes
on the issues. But such an assumption seems implausible given the size of the within wave
correlations for most issues. If Russians do not have an opinion, and every response would
be an opinion created on the spot a la Zaller and Feldman (1992), then the average within
wave correlations would be a lot lower than is the case in table 2. The average within wave
correlation is in fact rather high and does not indicate non-attitudes or opinions created on
the spot. Some people might say that the within wave correlations are biased by so-called
memory effects, which means that the response of the previous question is recalled when
the second (repeated) question is asked. However, several studies have been done to detect
the impact of questionnaire design on memory effects and the results were that memory
effects can be minimized if:
1. The time between the repeated measures should be more than 20 minutes, to put it
differently there should be more than 40 questions asked before repeating a measure
(Van Meurs and Saris, 1995);
2. The questions between the repeated measures should be largely on similar topics (Van
Meurs and Saris, 1995); and,
3. Different response scales (measurement methods) are used for the repeated measure
(Van der Veld and Saris, 2000).
In the RUSSET panel we have taken these considerations into account when the
questionnaires were designed. Therefore the presence of large memory effects in our data
will be quite unlikely. So, the repeated measures are feasible when design constraints are
taken into account, and they are a necessary feature of our design to be able to distinguish
between temporary and stable components in the response. The NES data, do not provide
this feature, therefore, we used the RUSSET panel data.
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Table 2: Average Pearson correlations of NES and RUSSET panel.

NES PANEL 1956-1958-1960" RUSSET PANEL 1994-1997-1999
Across Across  Within""

Maintain army overseas 0.31 Proud Russian 0,13 0,44
Foreign aid 0.36 Disappointing people 0,16 0,67
Gov. intervention in housing & 0.37 Minority medical 0,17 0,79
electricity access

Isolationism 0.39 Minority education 0,20 0,73
Federal aid to education 0.45 Satisfaction contacts 0,22 0,74
Federal assistance to negroes 0.50 Influence over life 0,22 0,60
Party identification 0.83 Satisfaction housing 0,42 0,85
*  Source Achen (1975)

Average Pearson correlation across three waves of panel data
Within each wave, three in total, there are repeated observations. These three correlations, between the
repeated observations, are averaged.

sk

Identification and Estimation

The estimation of the parameters of our model - presented in Figure 1 - will be made with
LISREL (Joreskog and Sorbom, 1993), which is a program for the analyses of covariance
structures and not for the analyses of correlation (standardized covariance) structures (Cudeck,
1989; Joreskog, 1970). Because model 2 is a standardized model, there might be cause for
concern when we want to estimate the parameters. In order to avoid problems with respect to this
issue we will analyze covariance matrices. Parameter estimates produced with that procedure are
standardized to obtain the parameters that we are interested in.

The path model could be estimated in 1 step, but we used a two-step procedure to estimate the
parameters of the model. In the first step the measurement model, shown in figure 2, will be
estimated. In the second step the structural model, shown in figure 3, will be analyzed. The
analysis will be on the estimated relations between the opinions in the measurement model
(step 1). The reader should see that if the model in figure 3 is put on top of the model in figure
2 a model emerges that is similar to the model in figure 1, so with the two-step procedure we
have strictly separated the measurement and the structural model. The advantage is that
possible misspecifications in the measurement model do not propagate through the structural
model. Two-step procedures have also been used and/or advocated among others by
Anderson and Gerbing (1988), Ping (1998, 2001), and Joreskog (1998). These authors also
estimate the measurement model in the first step. In the second step they estimate the whole
model including the measurement model, but they either fix the parameters of the
measurement model or use the specifications of the measurement model suggested by step 1.

Step 1: The measurement model

In the measurement model, presented in figure 2, there are six observed variables observed at
three different points in time (t=1, t=2, and t=3). The metric - unit of measurement - of the
opinions is unspecified by definition; therefore the model is not identified. In order to specify
a metric for the opinions the relation between the opinion in each wave and the first observed
variable in each wave is fixed to 1. The effect of this is that the metric of each opinion is
equal to the metric of the first observed variable in each wave. Now the model is identified
and the parameters can be estimated. It is important that the estimates are correct (no
misspecifications), because the estimated relations between the opinions are used in step two
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as input for the structural model. If errors are present in these relations, then the estimates of
the structural model will be wrong.

Figure 2: The measurement model.

P31
o', P21 0, P32 0’
qNZ qj\q% QNG
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Additional assumption to deal with a misspecification

If the design of the study is correct, then the model will not be misspecified. In reality the
available data is not in agreement with our design on the point that instead of different
measurement method, we used the same measurement procedure in some instances. For the
variables satisfaction contacts and satisfaction housing the measurement procedures of the
first observed variable in wave 3 and 4 are the exactly the same. For the other variables the
measurement procedures of the first observed variable in wave 3 and 7 are the same. We used
a standard procedure to deal with this misspecification of the model (figure 2). That is when
identical survey questions are used, the random errors can also be assumed identical. The
argumentation behind this constraint is based upon the assumption that a specific
measurement instrument (survey question) has a specific measurement error connected to it
(Lord and Novick, 1968; Heise, 1969).

Estimation of and results from the measurement model

The results of the analyses are presented in table 3. We have analyzed the seven variables
with the extra restriction (discussed above) on the variances of the random errors for specific
observed variables. The random errors are connected to the quality coefficients in the
following way: q°m = 1-var(eu). In table 3 the columns of some quality coefficients are with a
light grey background. For each variable there are cells with a light grey background the random
errors connected to those cells are set equal (Lord and Novick, 1968; Heise, 1969).

It turns out that with the extra restrictions most datasets yield acceptable results. However, for
‘Minority education’ and ¢ Minority medical access’ the error variances connected to g, were
negative. Fortunately the negative error variances were not significantly different from zero,
therefore we fixed the negative error variances to zero and re-analyzed the datasets again. The
results are now acceptable. We can see that there is a large variety in the estimates of the
quality coefficients. When we consider the quality of the measurement instruments used, the
worst quality found is 0.25 (which is 0.50%) and the best quality found is 1. Furthermore, the
average quality of the measurement instruments used in this study is 0.68. This means that at
average the strength of the relation between the opinion and the response is 0.68, which is low
compared to what Scherpenzeel (1995a) found in an analysis of the quality of satisfaction
measures across Europe. This does not mean that in Russia data is of low quality on average.
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It might be that the measurement procedures we have used in this study have a negative effect
on the quality. In the last three columns, the standardized relations between the opinions are
presented. The variances the opinions (O*t) are not presented here, because after
standardization they are 1 by definition. We can see that the correlations are just higher than
the correlations presented in table 2. Which should be the case (although the correlations in
table 2 are averaged), because here we have corrected the observed correlations for
measurement error.

Table 3: Completely standardized results of the measurement model.

X2 df qu  qiz2 921 922 Qa1 Q32 | pa P P32
Proud Russian 572 710.70 -0.52 0.79 -0.50 0.68 -0.84(0.36 0.16 0.19
Minority education 528 81095 0.73 0.84 1.00 0.96 0.70 [0.38 0.15 0.23
Minority medical access 6.55 8 |0.81 097 0.88 1.00 0.77 091 [0.22 0.21 0.26
Satisfaction housing 11.94 710.88 0.97 0.90 0.93 0.93 094 |0.61 0.42 0.51
Satisfaction contacts 6.15 710.82 0.88 0.84 0.86 0.87 0.87 {0.33 0.27 0.30
Disappointing people 549 71083 -0.77 0.92 -0.79 0.79 0.82 |0.30 0.17 0.21
Influence over life 8.83 710.83 -0.81 0.81 -0.81 0.78 -0.60(0.39 0.23 0.37

Step 2: The structural model

The structural model (figure 3) is known in the literature as the quasi-simplex model. Many
people (Heise, 1969; Wiley & Wiley, 1970; Achen, 1975; Wheaton et al., 1977; Alwin &
Krosnick, 1991; Coenders et al., 1999) have used this model to estimate the stability and
reliability however we use this model to estimate the stability and the crystallization of an
opinion.

Because the covariance matrix is analyzed the metric (unit of measurement) of the stable
opinions is unspecified. In order to specify a metric for the stable opinions the relation
between the stable opinion and the opinion is fixed at 1 in each wave for the estimation of the
unstandardized coefficients. The effect of this is that the metric of each stable opinion is equal
to the metric of the opinion in each wave, which is in effect the metric of the first observed
variable in each wave (see step 1). The structural model (figure 3) has 11 parameters to be
estimated while there are only three variances and three covariances (from step 1); hence
there are 6 elements as the empirical basis for the estimation. Because the metric for the stable
opinions is specified, the number of parameters to be estimated is reduced by three (the three
variances of the stable opinions). This results in 8 parameters to be estimated and only 6
known elements™. Therefore the parameters of the structural model (figure 3) are not
identified without further restrictions. We will make the following additional assumptions
concerning the stable, new stable, and unique opinions in the population to solve the problem
of under-identification.

1. For starters, we use the common procedure (Wiley & Wiley, 1970) in quasi-simplex
models, which means that we assume that the variances of the unique opinions are equal
to each other across the interviews. This assumption will lead to an increase of 2 degrees
of freedom, because only 1 variance has to be estimated (and not 3), and therefore the
model is just identified. The substantive meaning of this assumption is that across the
interviews the variation of the unique opinion remains the same. This does not mean that
for each individual the same unique opinion is used at each interview. On the contrary,
what is unique for each individual should deviate greatly from interview to interview. If
not, then the unique opinion is no longer a variable but a constant.

2. Because there is still no test of the model (it is only just identified) we will add more
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restrictions to the model which are also made plausible. First of all, we assume that S; is a
fixed part of the Si.;, and as a result the stability coefficients are equal across time. The
substantive meaning would be that stability is a stable characteristic of the topic under
investigation. This assumption results in an increase of 1 degree of freedom. Second, we
assume that across the interviews the variance of the new stable opinions (Ny) is the same.
The substantive meaning of this assumption is that for each individual ‘new stable’
information will come in at a constant pace. This assumption results in an increase of 1
degree of freedom.

If all these assumptions are made, then the structural can be estimated with 2 degrees of
freedom.

Figure 3: The structural model.
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Limitation of the structural model

In the structural model (figure 3) it is assumed that all covariance between the opinions is
explained by the structural model. For example the covariance between the opinion at the first
and the third interview can only be caused by the stable opinion S; through the stable opinion
S;. To put it differently, there is no direct relation between the first and the third moment. In
real life, it is however not uncommon that we forget something that is recalled as an important
feature at a later point in time. In other words, if a question is asked three times, it is possible
that we forget an important aspect of the opinion that we thought of the previous time, and
will recall the next time. This could mean that either the unique opinion for an individual is
not as unique as we have previously assumed, or that the new stable opinion for an individual
is not as new as we have previously assumed.

This misspecification® cannot be solved by introducing a covariance between U; and U';
(Puiw3), Or between N and N5 (pninz), Or by introducing a direct effect between S*l and S*3
(s31). The reason for this is that these parameters are not identified. The consequences of the
absence of a direct relation between the opinion at time 1 and time 3, given that such an effect
is present in reality, has been studied by Coenders et al. (1999). They have shown that only
minor violations cause great instability of the estimates of the crystallization coefficients. In
addition standard errors can become very large, and many analyses will yield inadmissible
parameter estimates. As a consequence, if such a relationship between time 1 and 3 exists,
then our structural model is the wrong model. We do not want to explore this further, but a
possible solution is to assume a different structural model, for example a single factor model
which could indicate a predisposition.

The structural model, whether it is misspecified or not, will also fail when the correlations
between the opinions (p21, p32, and ps;) are close to zero. This is because it will lead to a
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situation were the model parameters — although mathematically defined — cannot be
estimated, this situation is called empirical under-identification. In that case there are three
theoretical possibilities. Either one or both of the stability coefficients are zero, or the
crystallization coefficients are zero, or both are very small. It should be clear that it that case
we could conclude without any estimation procedure that the opinion is created on the spot
and/or there was a huge change of opinion.

Estimation of and results from the structural model

We have analyzed the seven variables with the extra restrictions (additional assumptions) so
that we have a test for the structural model. Of course this also implies that we assume that
the change process has a certain structure, which we discussed above. The completely
standardized results of these analyses are presented in table 4.

In the first column the name of the variable is given, which refers to the question in table 1. In
each row, the estimates for each dataset are presented. At first glance most analyses yield an
acceptable chi-square fit index, meaning that we accept the specified models. However, for
‘satisfaction housing’ the chi-square hints at rejecting the model. It has, however, been proven
that the chi-square is (besides the commonly recognized sample size problems) dependent on
the size of the effect parameters in the model (Saris & Satorra, 1985; Saris, Satorra, &
Sorbom, 1987c). That is, the larger the estimates of the effect parameters the more likely the
model is to be rejected. It can be seen that for ‘satisfaction housing’ the sample size is much
larger than for the most other variables (appendix A) and it can be seen that the estimates of
the crystallization coefficients are the highest of all variables, which could explain why this
variable has a significant chi-square value.

The results of the equality constraints (the additional assumptions to identify the model) are
easily detected, apart from small deviations caused by the standardization, when the estimates
in table 4 are compared. The estimates of the crystallization coefficients are (almost because
of standardization) the same across the waves for each variable, and the estimates of the
stability coefficient are also (almost because of standardization) the same between two
successive interviews. Still, there is a large variety in the estimates of the crystallization
coefficients and stability coefficients across variables. When we consider the crystallization of
the opinions, the lowest crystallization found is 0.25 (which is 0.50%) and the highest
crystallization found is 0.76. Furthermore, the average crystallization of the opinions studied
here is 0.49. When the stability is evaluated, we find that the lowest stability is 0.25 (for
‘Minority education’) and the highest stability is 0.90 (for ‘Minority medical access’). The
average stability is 0.51. On average both the stability and the crystallization are quite low,
which means that the effect of the unique opinion and the effect of the new stable opinion is
quite large.

It is difficult to go into further detail about these estimates. For starters, it difficult to say
something about each variable with respect to the size of the estimates, because we are not
experts on the issues that were measured. In addition, there is (yet) no comparison material.
What however can be done is to look at the results as a whole; what we can learn from them
and whether they make sense. From a substantive point of view some of these results make
sense. For example satisfaction and policy issues are completely different topics. According
to Converse (1964) most people lack an opinion on policy issues. In contrast one would
expect that most people know how satisfied they are. If we compare the average
crystallization for satisfaction and minority policies we find that indeed the average
crystallization of satisfaction is higher (difference =0.14) than for minority policies, and the
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same holds for the stability (difference=0.10). For other issues, it is not so easy to make a
comparison, because it is less clear to us whether it should be expected that one should be
higher than the other. In addition, the estimates have standard errors, and if they are taken into
account the differences may disappear. So because we don’t know whether or not there
should be differences, it makes no sense to discuss all estimates in detail. Still one thing that
asks for some explanation is the variable ‘minority medical access’. It happens that the
stability is very high, higher than for all the other variables. But this is a policy issue and
therefore we would not expect this to happen. However, stability as Converse (1964, 1970)
saw it is a combination (in our model) of crystallization and stability. Would we combine
those two parameters into a new parameter, call it Converse-stability, which is the square of
the product of crystallization and stability, then a different picture appears in line with
Converse’s expectations. That is for ‘minority medical access’ the Converse-stability is very
low: 0.21. So, in this case the stability might be very high, which could be explained with a
predisposition that one cannot refuse medical help to anybody, but at the same time the
crystallization might be very low, which could be explained by mixed feelings about
minorities, and or the structure of the health-care system. However, this is educated guessing
because we are not experts on the field of minorities and the Russian Federal health system.
But what counts here is that a low Converse-stability does not imply that there is no stable
predisposition behind the response.

Table 4: Completely standardized results of the structural model.

x df 1 C2 c3 21 $32
Proud Russian 4.56 2 0.69 0.67 0.66 0.63 0.60
Minority education 3.32 2 0.78 0.77 0.77 0.51 0.50
Minority medical access 0.19 2 0.50 0.51 0.52 0.91 0.91
Satisfaction housing 16.56 2 0.87 0.87 0.87 0.75 0.75
Satisfaction contacts 0.93 2 0.62 0.61 0.60 0.85 0.85
Disappointing people 1.44 2 0.64 0.62 0.62 0.66 0.65
Influence over life 0.00 2 0.78 0.78 0.78 0.62 0.62

Discussion of the implications

We have estimated the parameters for 7 different variables using data from the RUSSET
panel in two steps. In the first step we have estimated the quality coefficients. There were 42
estimates of the quality coefficient in the range 0.5 to 1.0, and the average quality of the
measurements instruments used in this study is 0.70. In the second step we have estimated the
crystallization and the stability coefficients. There were 21 estimates of the crystallization
coefficient in the range 0.5 to 0.87, and the average crystallization of the opinions was 0.49.
There were 12 estimates of the stability coefficient in the range 0.50 to 0.91, and the average
stability of the opinions was 0.51. We could discuss these figures based on their sizes but that
would force us to use relative terms like high, mediocre, and low estimates. Because there is
no other material for comparison than this study, and because terms like mediocre have no
fixed meaning, we go in another direction. A more fruitful discussion follows when we use
the estimates to determine the percentage of explained variance of an observed variable and
the shared variance of two observed variables. For example, it is interesting to know how
much the stable opinion contributes to the response R* (the * indicated that observed
response variable is standardized) and how this is determined.
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The explained response variance

When we want to know how much the stable opinion (S) contributes to the response R We
have to square product of the path coefficients in the model (figure 1) between them. So, the
contribution equals ¢;+qm”. When this product is multiplied by 100 we get the percentage of
the explained variance. This contribution can also be referred to as the strength of the
relationship between the stable opinion and the response R". We could derive the explained
variance of the response R due to the stable opinion at a previous point in time in a similar
way. In table 5 the percentage of explained variance of the response R™ due to the stable
opinion of ‘proud Russian’ is given. The presented figures show that 23% of the response Ry,
is explained by S’|. However, when we look at the two successive waves, we see that this
percentage drops to 3%. This means that only 3% of the variance of the response at the third
wave (R 31) is explained by S'| (the stable opinion in the first wave). In summary the stable
opinion of ‘proud Russian’ has hardly any effect on the response, especially not over time, but
for other topics this may be very different. This example, however, shows that the stability,
the crystallization, and the quality all have an effect on the strength of the relation between the
stable opinion and the response.

Table 5: Percentage of response variance explained by the stable opinions of ‘proud Russian’.
S1 S, S5

Ru| 23% - -

Ru| 11% 28% -

Ryu| 3% 7% 20%

It is also possible to compute the percentage explained variance of the response due to the
opinion (O*t), this would be equal to the square of the quality coefficient (qu,°) multiplied by
100. In table 6 these figures are presented. It should be clear that these percentages are higher
than in table 5, because we do not take the crystallization and the stability into account. Still
we can observe that there is a large discrepancy between the opinion and the response at a
specific point in time. For example in the first wave, only 49% of the variance in the response
is explained by the opinion. The rest, that is 51% of the variance, is explained by
measurement error.

The lesson here is that we should strive for measurement instruments with high quality, so
that the agreement between the opinion and the response is as large as possible (close to
100%). For a scientific procedure for the development of high quality measurement
instruments we refer to Scherpenzeel (1995b), Veld van der W. M. et al (2001), and Saris et
al. (2002).

Table 6: Percentage of response variance explained by the opinions for ‘proud Russian’.

0, 0, 05
Ryl 49% - -
RS | - 62% -
Ry | - - 46 %

There is another lesson to be learned regarding the crystallization and stability. The
crystallization and stability are characteristics of the variable under investigation. This
variable is again a characteristic of the public (Allport, 1937). Thus, in order to change, or
strengthen the crystallization and the stability, we have to educate the public. Brand
advertisement is a good example of such a strengthening procedure. Alternatively, one could
try to make the public more interested or engaged in political matters, so that the public will
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and can search for relevant information. For political scientists, public opinion researchers,
political parties, lobby groups, etc. there are also other methods available for informing the
public, such as deliberate polling or the choice questionnaire (Neijens, 1987, 2004; Biitschi,
2004). These procedures provide the public with relevant knowledge, enabling them to form a
considered opinion.

The shared response variance: correlations at different levels in the model

We can also discuss, besides explained variance, the shared variance at different levels in the
model (figure 1). For example the percentage of shared variance between the stable opinions of
subsequent waves equals the square of the stability coefficient (s;;.;), and the shared variance
between the responses R*n and R*Zl equals quz*clz*sﬂz*czz*qzlz. In table 7 the percentage of
shared variance at different levels in the model (figure 1) is presented for ‘proud Russian’. It
should be clear that the lower we get in the model (figure 1), the lower the percentage of shared
variance is. The shared variance is related to the correlation in the following way: the square root
of the percentage of shared variance is the correlation coefficient, hence the correlation (in the
population) equals: priira = qi1*C1#821#C2+(21. What we observe are the correlations between the
response variables and these correlations are for many political topics rather low. And also for
‘proud Russian’ are these correlations low, namely 0.03 (=0.18), V0.01 (=0.10), and V0.02
(=0.14). Should we follow Converse (1964) then these low correlations would be due to the
absence of a stable opinion. It follows from table 7 that the correlation between the first and
second stable opinion is 0.6 (= V0.4), and that is far from zero. On the other hand, the correlation
between the first and the second opinion is 0.3 (=V0.09), this is a lot closer to zero.

So, it depends on what level we are (stable opinion or opinion) whether Converse’s conclusion
was correct for this specific topic. Should we follow Achen (1975) then these low (0.18, 0.10,
and 0.14) correlations between the observed variables would be due to measurement error, and
the stability would be high. The correlation between the first and second stable opinion is 0.6 (=
\0.4) which is rather high. So in that respect - low observed correlations and still high opinion
stability - Achen was right. On the other hand, should we look at the stability of the opinion (0.3
= ~0.09), then Achen’s conclusion was far from correct. Should we follow Zaller (1992) then
these low (0.18, 0.10, and 0.14) correlations would be due to poorly crystallized stable opinions.
For ‘proud Russian’ the estimates of crystallization coefficients are 0.69, 0.67, and 0.66, which is
far from zero (zero=not crystallized). On the other hand, even when the crystallization
coefficients are far from zero, the unique opinion plays an important role and explains more than
50 % (1-0.69*=52%) of the variance in the opinion (O*t) of ‘proud Russian’.

Table 7: Percentage of shared variance of S, O, and R for ‘proud Russian’.

S S2 S3 O, 0, O; Riu Ry Ry
S - - - 0, - - - Ri - - -
S, |40% - - 0| 9% - - Ru | 3% - -
S; 14% 36% - (0] 3% 7% - Rz 1% 2% -

The lesson here is that the shared variance, or the population correlation™, is defined as a
function of three components: opinion stability, opinion crystallization, and measurement
quality. This means that the cause of response instability (low across time correlation) cannot and
should not be uniquely attributed to unique considerations (Zaller and Feldman, 1992), or
measurement error (Achen, 1975), or non-attitudes (Converse, 1964), but by a combination of
these elements.
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Opinion Strength vs. our model

Our model could also produce an indication of attitude or opinion strength if we follow the
definition of Petty and Krosnick (1993) who define attitude strength by two phenomena. They
assert that a strong attitude should be stable, i.e. resistant to change and persistent over time, and
crystallized i.e. have a strong impact on thinking and behavior. In this formulation, one can
recognize two components — stability and crystallization — of our model. It follows from this
definition that in our model a strong attitude would mean that both the stability and the
crystallization are high. Petty and Krosnick suggest that stability will be high if people think of
the issue at stake as important and if they have considerable relevant knowledge and are certain
about the attitude. The first component will produce stability by selective perception, while
knowledge and certainty will produce stability because they can easily generate counter
arguments. Crystallization will be higher if the accessibility of the attitude in memory is high and
if the attitude components have a low degree of ambivalence. For more details on this issue we
refer to Petty and Krosnick (1993), and Bizer et al. (2004). When an estimate of attitude strength
is needed Bizer et al. propose that different measures should be used that predict the stability and
crystallization of an attitude. A difficulty with that approach is that one needs to measure a
multitude of strength related attributes to predict the strength of the attitude for each individual.
In our approach the attitude strength is represented by just two parameters — the crystallization
and stability parameters - of the model. A possible drawback of our approach is that we cannot
obtain individual measures of the strength of the opinion, however, we could estimate the
crystallization and stability for different (homogeneous) subgroups in the population.

Summary

The theory we suggest unifies the important arguments that explain response inconsistency.
Our starting point is the survey item itself. The question triggers the activation of nodes in a
semantic network (Quillian, 1966) - a person’s mind. The network that is activated somehow
represents the respondent’s opinion. Where somehow refers to an integration process that
yields information in terms of a numerical degree of positive and negative, pro or con, etc.
We have distinguished 3 different types of sets of nodes in the integration process. There are
the nodes that are activated each time the question is asked. There are nodes that will be
activated at some point in time and then every time the question is asked. And there are nodes
that are activated only once regardless of how many times the guestion is repeated. The result
of the integration process of the three different sets is what we call the opinion at a specific
point in time. This opinion is however not the same as the response. In order to produce a
response, the respondent has to match his opinion to a response option. We assume that this
matching process is stochastic in nature, and therefore errors are possible. The result of the
matching process, the response, thus contains the opinion and an error due to the
measurement procedure. This model has been translated to a structural equations model for
the population. This structural equations model contains parameters that are linked to
commonly used concepts in survey research such as the stability of the opinion, the
crystallization of the opinion, and the reliability of the response. A design to estimate these
parameters contains six observations with the same guestion across three different interviews
in a panel. We have used 7 different variables from the RUSSET panel to estimate the
parameters of the model. This did not yield serious problems, indicating that for these
variables the response process is in agreement with our ideas. However, it cannot be expected
that this will be the case for all variables. That is, the theory is very general and does cover
the response process for all type of variables, opinions, facts, predispositions, etc. But, the
model that we use to estimate the parameters has certain limitations, and that might cause
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problems for some variables. We have anticipated these limitations in the paragraphs
Additional assumption to deal with a misspecification and limitations of the structural model
Even though we have discussed these limitations they require further study so that an even
more general model could evolve.
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APPENDIX A
Description and explanation of the sample size of the datasets in this study

Table B1: Sample size for each guestion and topic after listwise deletion.

question n
Proud Russian 264
Minority education 223
Minority medical access  |217
Satisfaction housing 1119
Satisfaction contacts 1074
Disappointing people 319
Influence over life 310

The table above shows the sample sizes, after listwise deletion, for questions we have
analyzed. The number of respondents that participated in panel wave 3, 4, and 7 from which
our data originate are respectively 2273, 2073 and 1618. The interviews were administered in
respectively autumn 1995, spring 1997, and autumn 1999. So, between each interview there is
approximately 18 months. For the variables ‘Proud Russian’, ‘Minority education’, ‘Minority
medical access’, ‘Disappointing people’, and ‘Influence over life’ there are relatively few
cases compared to the number of respondents that participated in the three waves. This has
several reasons. First of all and most important, these topics were part of methodological
experiments that have been conducted within random subgroups of the respondents that
completed wave 2 (N=2807). Respondents were randomly assigned to the different groups
that were asked different survey items. This resulted in subgroups of approximately 600
respondents before wave 3 was administered. Second, only those respondents who said they
had the Russian nationality were allowed to answer the survey items. Third, also item non-
response was also an important factor, due to the listwise deletion procedure, that resulted in a
loss of cases. Finally, the subgroups diminished due to panel attrition.

One may be worried about the small sample sizes for the analyses. If item non-response and
panel attrition are somehow connected to the topics under investigation it will bias our
findings. Unfortunately there is no good way to test whether this is the case. However, the
relations between the different variables under investigation do not change across time, thus
within each wave they are approximately the same. This could be an indication that dropout
and item non-response is not related to the variables under investigation. Note, however, that
this is no real proof, even if one corrects for measurement error. This is because it might be
that the ‘true’ relations have changed in the population. Furthermore, we have tried some
imputation methods (MCAR, MAR) but that did not have any effect on our results, therefore
we continued with the data at hand.
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iii

vi

vii

viii

The subscript on I denotes individual elements in that set.

The example presented is related to social contacts. One might also think about judging
the current minister of internal affairs. Unique evaluations might be current events,
enduring evaluations might be his party affiliation, and new evaluations might be some
of the unique evaluations that have a large impact. One should that it is more difficult to
use this example as an explanation of the model. The reason for that is that what is
stable for one person might be unique for the other. This is no problem in the model, but
it is a problem in an example because everybody could find reasons to disagree with it.
Hence we favor use the simple example of social contacts.

The simple formulation is chosen but we are aware that we should have incorporated the
systematic effect of the measurement method. Consequentially, a better formulation
would be R = O + m + e. However, that would complicate the story to follow a lot. This
however means that some of our assumptions are wrong, So, by chosing for the simple
formulation, we now that some assumptions we make are wrong. On the other hand, that
will only be so if m is larger than 0. Thus that is an extra assumption: m=0, that however
is in contradiction with the example presented earlier in the paragraph.

The assumptions made are the following:

COV(I\’I},N’W) = COV(S;_X,N})’ = COV(U:t,N:t) = Cov(U’Hx,N,’t) =0

Cov(e mN 1) = Cov(e txmN )= Cov(U ,U 1) = Cov(S 1,U1) =0

COV(S’ t,U’t) = Cov(O *t+x,’U ) = Cov(e ,Em’U,t) = Cov(e T"“‘,’U =0 .

Cov(e tm»€ trxm) = Cov(S e tm) = Cov(S 1x,€ tm) = Cov(O € m) = Cov(O (x,etm) =0
Mean(e ) =0

A design with repeated observations within the wave can lead to a practical problem
concerning the independence of the repeated observations. That is when memory effects
play a role in the second observation, then the observations are said to be dependent. To
prevent these memory effects one should make the time between the repeated
observations as long as possible so that the previous response cannot be remembered.
However, the time between the observations cannot be too long, because then the
opinion (O’) may change. Van Meurs and Saris (1995) have shown that memory effects
are virtually gone after 20 minutes if similar questions have been asked in between the
two observations and the respondents have no extreme opinions. In this study the first
measure is always observed at the very beginning of the interview and the second
observation at the end. The average length of the questionnaires that are used in this
study was approximately 50 minutes. It is therefore fair to assume that problems due to
memory effects will not occur.

Note that we do not mean low correlations in a general sense. Here we specifically refer to
correlations of repeated measures of the same variable.

By definition, the crystallization is the complement of the variance of the outcome
variable U, that represents the unique considerations in the model. This follows
from the formula: czt = l—Var(U’t).

For comparison, we have also compared Dutch panel data with the RUSSET panel data
(Van der Veld and Saris, 2000), and found that there were differences, but those
differences were smaller than with the NES panel data.

The reader should know that the identification issues discussed here are standard issues in
the identification of the quasi-simplex.

The misspecification refers to the fact that there is no direct relation between the first
stable opinion and either the third stable opinion or new opinion.

27



xi

For this model the shared variance is the correlation because the coefficients are
standardized.
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