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The Measurement of Latent Traits

by Proximity Items
Herbert Hoijtink

University of Groningen

A probabilistic parallelogram model for the mea-
surement of latent traits by proximity items (the
PARELLA model) is introduced. This model assumes
that the responses of persons to items result from

proximity relations: the smaller the distance between
person and item, the larger the probability that the
person will agree with the content of the item. The
model is unidimensional and assigns locations to
items and persons on the latent trait. The

parameters of the PARELLA model are estimated

by marginal maximum likelihood and expectation
maximization. The efficiency of the estimation
procedure is illustrated, a diagnostic for the fit of
items to the model is presented, and the PARELLA
model is used for the analysis of three empirical
datasets. Index terms: expectation maximization,
latent trait theory, marginal maximum likelihood, non-
monotone trace lines, single-peaked preference func-
tions, unfolding.

Coombs, Dawes, and Tversky (1970) define measurement as &dquo;the process through which numbers
are assigned to objects such that the relation between the objects is represented by the relation be-
tween the numbers&dquo; (p. 12). A latent trait generally is specified as a unidimensional characteristic
of a person that is not directly observable, such as an ability or an attitude.

If the measurement of latent traits is considered, the &dquo;objects&dquo; as mentioned in the definition
of Coombs et al. (1970) are items and persons. The items represent different levels of the latent trait.
Their locations constitute the grid of the instrument with which the latent trait can be measured.
For example, if the trait to be measured is an ability, an item can be constructed that a person with
a certain ability can solve. Persons who answer the item correctly are expected to have a location
on the latent trait above the item, which indicates that the person is more able than the item is difficult.
Persons who answer the item incorrectly are expected to have a location below the item.

If the trait to be measured is an attitude, an item can be constructed for which a person would
have to indicate agreement or disagreement. In this situation, the relation between person response
and location relative to the item will be different. If a person endorses an item, person location will
be close to the location of the item, and if a person does not endorse an item, his or her location
will differ substantially from the item’s location.

If only one item is available, the locations of persons can- be compared to only one value of the
latent trait. The measurement instrument created also will not be very discriminating, because only
two groups of persons can be distinguished. However, more items are usually available, which per-
mits the construction of a measurement instrument with a larger discriminatory power.
A second aspect of the definition of Coombs et al. (1970) that needs to be explained within the

context of the measurement of latent traits is &dquo;the process through which numbers are assigned to
objects&dquo; (p. 12). This passage can be restated as &dquo;the process through which the responses of persons
to items (correct or incorrect in the case of ability items, and agree or disagree in the case of attitude
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items) are related to locations of persons and items on the latent trait.&dquo; The locations of the items
and persons on the latent trait are unknown. What is needed is a measurement model that does ex-

actly what the stated passage demands: relates the answers of persons to items, to locations of per-
sons, and to items on the latent trait.

If a restriction is made to models designed for dichotomous responses that are stochastically in-
dependent for each single person between items, and that characterize persons and items by only
one (location) parameter, then there are two measurement models that can be seen as the roots of
the models currently used. With the introduction of his scalogram model, Guttman (1950) made an
important contribution to the theory of the measurement of latent traits. His measurement model
has a deterministic nature and is formalized as

where X,,i is the response of person a, a = 1, ..., N to item i, i = 1, ... , n,

[3a is the location of person a, and

8, is the location of item i.

Coombs’ (1964) parallelogram model also has a deterministic nature, but it differs structurally
from Guttman’s model:

where r is a threshold (of equal size for each item) governing the maximum distance between P. and
8; for which a person still renders a positive response.

Guttman’s (1950) model is based on dominance relations between persons and items: a person
will answer correctly (Xa; = 1) if aa is greater than 8i, and will answer incorrectly (Xii = 0) if 8, is
greater than P,,. Coombs’ (1964) model is based on proximity relations: a person will endorse the
item (Xa; = 1) when within the threshold T, and will not endorse the item (Xa; = 0) when not within
the threshold 1’. Although applications partly overlap, the model formalized in Equation 1 is most
suited for the measurement of abilities, whereas the model formalized in Equation 2 is most suited
for the measurement of attitudes and preferences.

The last part of the Coombs et al. (1970) definition of measurement, &dquo;The relation between the

objects is represented by the relation between the numbers,&dquo; can now be easily interpreted. If an item
is more difficult than a person is able in Guttman’s (1950) model, the number assigned to the item
will be greater than the number assigned to the person. If a person selects an item in the model of
Coombs (1964), the difference between the numbers assigned to the person and the item will be less
than 1’.

A drawback of the Guttman (1950) and Coombs (1964) models is their deterministic nature. For
sensibly distanced items, empirical data will never be so perfect that Equations 1 or 2 will be accurate
descriptions of the response process. What is needed are probabilistic models. In the case of Gutt-
man’s model,

and in the case of Coombs’ model,
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The Rasch (1960; Fischer, 1974) model can be seen as the probabilistic counterpart of Guttman’s
model. The two- and three-parameter logistic models (Birnbaum, 1968; Hambleton & Swaminathan,
1985) and their multicategory extensions (Thissen & Steinberg, 1986) are extensions of the Rasch model,
because more item parameters are added or a different kind of data can be analyzed. Models based
on Equation 4 have only recently been developed: the PIRT model (Andrich, 1988), its multidimen-
sional, multiparameter extensions (DeSarbo & Hoffman, 1986; Takane, 1983), and the model that
is introduced below.

The PATELLA model

The PARELLA model is a probabilistic analogue of Equation 2 based on the Coombs (1964)
parallelogram model. The choice process is to a large extent determined by the distance between per-
son and item, but random characteristics of either person or item are included in the model.

The PARELLA model is formulated as:

In this equation, the squared distances are raised to the power y instead of 2y in order to assure that
the resulting number will be non-negative.

Main features of the PARELLA model are: the single peakedness of the item response function (IRF),
which is a feature of any proximity relation-based measurement model; and a choice probability equal
to 1.0 for Øa = 8i. The parameter y-also referred to as the power parameter-determines the rela-
tive importance of the distance between person and item, and the random characteristics of either.

PARELLA IR~’s are plotted for different values of y in Figure 1. The larger the y, the more impor-
tant is the distance to an item for evaluation of the item, and the smaller the y, the more important
are random characteristics. In the model for y = 0, the distance between person and item is of no
importance, and each item has a choice probability of .5, except for the situation in which 0,, = 8i.
In the models for y positive and increasing, the distance between person and item becomes increas-
ingly important for a person’s choice, until the model can barely be distinguished from the deter-

Figure 1
Item Response Functions Defined by the PARELLA Model for Items with Location and

Power Parameters (From Left to Right) of (-4,.5), (0,1) and (4,10).
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ministic Coombsian model for large values of y (e.g., 10 or more). In this situation, the random charac-
teristics of an item (or person) do not have any importance; choice is determined completely by dis-
tance between person and item.

It is assumed here that the power parameter is greater than or equal to 0. Negative values of the
power parameter will lead to single-dipped instead of single-peaked IRFS. These could be used for
the analysis of &dquo;non-preference&dquo; data.

The PARELLA model contains three parameters: the locations of persons and items, and the pow-
er parameter. This implies that each IRF has the same threshold (i.e., the same width). Independent
of the value of the power parameter, a person located at a distance of 1.0 from an item always has
a probability of .50 of giving a positive response to the item. For large y, persons will give positive
responses when within a distance of 1.0 of the item, and negative responses when outside of this
distance. For smaller values of y (e.g., .5 or 1.0), persons will give positive responses with a probabili-
ty greater than .50 when within a distance of 1.0 from an item, and negative responses with a proba-
bility less than .50 when outside of this distance.

Note that the choice of the threshold value of 1.0 is rather arbitrary. Other values would only
change the scale unit of the estimates without affecting the interpretation or the likelihood of the
parameter configuration to be estimated.

Estimating the Parameters of the Ii~Iarginal PARELLA Model

Since its introduction, marginal maximum likelihood (MML; Bock & Aitkin, 1981) is becoming
increasingly popular as an estimation procedure for item response models (Bock, 1989; Thissen, 1982).
The estimation procedure for the PARELLA model uses MML. One main feature of MML is the esti-
mation of the probability density of the person parameters [g((3)] instead of estimating the location
of each person. This does not imply that location estimates for individual persons cannot be ob-
tained ; several methods exist to estimate Pa using the estimates for 5, y, and g([3),(~ock & Aitkin,
1981; Mislevy & Bock, 1982; Wainer & Wright, 1980).

The likelihood equation of the marginal PARELLA model is

where 6 denotes the vector with item locations and y is the power parameter. The probability density
of the person parameters is estimated through a step function with nodes ~, ~ = 1, ..., Q, and
weights nq (E7c, = 1). Due to the assumption of local stochastic independence,

The likelihood function in Equation 6 is not easy to work with (for an equivalent situation, see Bock
& Lieberman, 1970). Bock and Aitkin (1981) demonstrate how the expectation maximization (EM)
algorithm (Dempster, Laird, & Rubin, 1977) can be used to replace equations such as Equation 6
by more tractable equations.

The EM algorithm is especially suited to estimating parameters in situations with missing infor-
mation. Missing information can be constituted either by missing data elements or by parameters
with unknown values, and is constituted in this study by g((3).

The expected value of the &dquo;missing information&dquo; is estimated in the expectation step, given the
data and the current values of 8 and y (i.e., the initial values the first time the expectation step is
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executed). n is updated here by iteration between the following two equations:

and

where N, denotes the number of persons expected at node q.
During this iterative procedure, the nodes are located at equal distances such that ~, and ~Q have

a weight of approximately .01. The number of nodes needed to obtain an accurate step function esti-
mate of g((3) depends on the shape of g((3). Experience thus far indicates that 10 nodes are sufficient
if g(p) resembles a uniform, skewed, or normal distribution, and that 16 or more nodes are needed
if g(p) is bimodal (Hoijtink, 1991).

After updating n and B, the number of persons located at each node that are expected to select
each item (Nq;) is computed, because these statistics are needed in the maximization step:

Given the updates for n and B, 6 and y are updated in the maximization step using the likelihood
function

The final estimates for 5, y, n, and B are obtained by iterating between the expectation and the max-
imization step until convergence occurs. See Hoijtink (1991) for further details on this estimation
procedure.
When the EM algorithm is used to estimate model parameters, it is not always easy to compute

the standard errors of the estimates. See Louis (1982) for general solutions to this problem, and Glas
(1989) for a solution specific to item response models.

Estimating Locations for Individual Persons

Given the estimates for 6 and y, the maximum likelihood estimate of Ba can be obtained through
maximization of L(Ba I Xa) for [3Q (Kiewiet, 1988):

Another way of estimating the person parameter is the expected a posteriori estimate, which takes
g(~) into consideration (Bock & Aitkin, 1981):
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The accuracy of both estimators has not been fully evaluated. Other estimates for Ba are possible,
such as robust estimates of the kind considered by Wainer and Wright (1980) or biweight estimates
(Mislevy & Bock, 1982).

Investigation of the Accuracy of the Estimates

To illustrate the accuracy of the estimates of 8i, y, and the step function estimate of g(~), the
parameter vector termed &dquo;generated value&dquo; in Table 1 was used to generate 100 samples of 300 response
patterns each. A value for Ba was randomly sampled from g(fl) [an N(0,1) density for this simulation
study] to simulate a response pattern. Given the value of [3a, 8, and y, the probability that each item
would be selected was computed from Equation 5. Subsequently, each probability was compared to
a pseudo-random number drawn from a LT(0,1) density. If the probability exceeded the random num-
ber, the response was set to 1; otherwise, the response was set at 0.

For each sample, 6, y, and g(a) were estimated using a step function. The means and variances
of the estimates over 100 replications for 6 and y are presented in Table 1. As can be seen, the differ-
ences between the generated and mean estimated values are negligible, and the estimates are appar-
ently unbiased. Note that the variances vary between .05 and .10, which implies that there were
substantial differences between the generated and estimated values of the parameters in some of the
100 replications. These differences are easily explained as sample fluctuations, however, and it may
be possible that sample size should not be much less than 300 to obtain reliable estimates.

The first four moments of the step function estimate of g(fl) were compared to the first four mo-
ments of the generated N(0,1) density in order to assess the bias of the step function estimate.

Table 1
Generated Values, Mean, and Variance of the Estimates

for 10 Items Over 100 Replications, and Power and
Descriptive Statistics of the N(0,1) Density (1V = 300)
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As can be seen in the lower portion of Table 1, the difference between generated and estimated mo-
ments was negligible, and the step function estimate appears to be unbiased. The results were equally
good when g(P) was not N(0,1). In a more elaborate simulation study, Hoijtink (1991) showed that
skewed, uniform, and bimodal probability densities for g(a) can be estimated with equal accuracy.

Comparing Expected and Empirical I s

An aspect of items that is worthwhile investigating is the equality of expected and empirical IR~’s:
the expected curve given the model with the parameter estimates inserted [P(Xai = 1)PJL and the
empirical curve reconstructed from the observations. The following quantities provide the opportu-
nity to perform such an investigation (a standardized version of the idea to be discussed in this sec-
tion was developed by Mislevy & Bock, 1990).

The expected number of persons located at node q that select item i, computed from data and
estimated parameters, is given by:

This quantity is designated Oq; to denote that its computation involves observed data. Note that the
same quantity appeared in the estimation procedure as NQ;.

The expected number of persons located at node q that select item i can also be computed using
only estimated parameters:

This quantity is called Mqi to denote that it is the expected number according to the model, and ob-
served data are not involved in its computation.

The quantity Oqi is closely related to the empirical IRF (reconstructed from the observations). At
each node, &reg;9;lNq gives the estimate of P(X,,i = llRq) according to the data. Thus, the value of the
empirical IRF at each node can be observed. The quantity NIq; is closely related to the expected IRF.
The quantity Mq;llV9 at each node gives the estimate of P(X~; = 1 ~~9) according to the model.

Mq; and &reg;q; are both divided by li§ to arrive at the empirical and expected IRFS, respectively. Con-
sequently, to investigate the equality of empirical and expected IRFS, a direct comparison of the M~;
and &reg;q; is equivalent to a comparison of the NI9;l~IQ with the &reg;q;l~Tq.

If the empirical IRF of item i resembles the expected IRF, the difference 10,i - Mil for all q will
be small. Consequently, the sum of these differences (denoted by sum) will be small. If item i does
not fit, the sum of the differences will be substantially greater than 0. A test of fit with known distri-
bution that combines the differences is not available. Two aspects that would have been incorporated
in a test of fit-the number of nodes and the sample size-must be evaluated independently of the test.

If the number of nodes increases, the differences per node will probably decrease and have to be
judged more strictly. This problem can be avoided, however, by examining the sum of differences:
Under the hypothesis of equality of the expected and empirical IRFS, this sum will probably not change
very much if the number of nodes increases. If the sample size increases, the sum of differences will
also increase. In the simulation study reported below, a sample of 300 was used to derive rules of
thumb for the interpretation of the sum of differences. For sample sizes larger than 300 these rules
should be relaxed; for sample sizes smaller than 300 they should be used more strictly.
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Simulation Study

Method. A small simulation study was executed to determine the power of the proposed diag-
nostic and to derive rules of thumb for the interpretation of the sum of differences. The design con-
tained nine cells, the response patterns in each cell were generated according to the mechanism explained
above, and each cell consisted of 300 response patterns. The generating parameter vector contained
a N(0,1) density for g([3)9 y = 1, and the 8i = (-1.6, -1.4, -1.0, -.8, -.6, -.3, .8, 1.2, 1.7, 2.0). Fur-
thermore, an item with a deviating trace line was added in eight of the nine cells. Rasch items with
locations of -1.5, 0, and 1.5 were added to the first three cells. An item (called a Broad item) with
an IRF with a larger width than the IRF of the PARELLA model (location at 0.0 and 8 = 1.0) was
added to the fourth cell:

An item (Small) with a smaller IRF than that defined by the PARELLA model (located at 0.0 and with
8 = 1.0) was added to the fifth cell:

Finally, an item was added in three cells with a constant choice probability of .3, .5, and .7, respec-
tively. Parameters were estimated and 6~;, MQ;9 and SUM were calculated from the data matrix con-
taining no deviant items (i.e., 10 items) and the eight data matrices containing one deviant item (i.e.,
the 10 PARELLA homogeneous items plus one deviant item).

Results. Table 2 summarizes the fit values for the 10 PARELLA homogeneous items and the eight
deviant items. Results for the items in accordance with the PARELLA model can be used as a refer-
ence when evaluating the results for the aberrant items. The differences between the Oq¡ and Mi were
always less than 3, except for Item 5, which had differences of 4.4 and 5.1, and Item 6, which had
a difference of 4.0. The largest sum of differences observed was 17.1 for Item 5. For the aberrant
items, there were two or more differences of approximately 6 for the items with constant choice prob-
abilities of .3, .5, and .7 for the Small item and for the Rasch item located at -1.5. The sum of differ-
ences observed for these items (24.8 or larger) was clearly worse than those observed for the PARELLA
homogeneous items. This is a strong indication that these items were not in accordance with the
PARELLA model.

Nothing peculiar was observed for the Rasch items with locations at 0.0 and 1.5. The individual
differences and the sum of differences resembled those of the PARELLA homogenous items. Because
only a few persons were located in the region where the IRF was supposed to be decreasing (above
1.0-the estimated location according to the PARELLA model-for the Rasch item located at 0.0, and
above 2.4 for the Rasch item located at 1.5), the diagnostic proposed did not detect that the IRF was
monotone increasing instead of single peaked.

Two observations can be made about the sum of differences for the PARELLA homogeneous items
in the analysis that contained a deviant item. First, the largest sum of differences observed was al-
ways (with the exception of Rasch item 0, Rasch item 1.5, and Broad) substantially less than the sum
of differences for the deviant item. Second, the size of this largest sum of differences observed (be-
tween 8.0 and 15.9) was well within the range of what was expected for PARELLA homogeneous items
(sum of differences less than 17.1). It appears that the fit of the PARELLA homogeneous items was
almost unaffected by the presence of a deviant item, at least for an item set containing one deviant item.

These results suggest that the power of the proposed diagnostic appears to be satisfactory. That
Rasch items located at the upper end of the latent trait could not be distinguished from PARELLA
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items is easily explained,. which leaves only the marginal (non)fit of the broad item. Thus, two or
more differences between &reg;qt and ll~q; greater than 4.0, or a sum of differences greater than 20, is
indicative of an inequality between the empirical and expected IRFS for a sample size of 300 with
10 nodes used for the step function estimate of g(o). As noted above, for sample sizes larger than
300 these rules should be relaxed. For sample sizes smaller than 300 they should be used more strictly.

Applications

Measurement of Attitudes Toward Capital Punishment

Andrich (1988) used a small dataset consisting of the responses of 54 graduate students who took
an introductory course in educational measurement and statistics. Eight items were used to measure
their attitude toward capital punishment. The responses to the items were dichotomous, with 1

indicating agreement and 0 indicating disagreement. The phrasing of the items (Table 3) shows clear-
ly that a person’s response will be determined by proximity relations (i.e., the closer a person’s loca-
tion to the location of the item, the larger the probability that the person will endorse the item).
Consequently, the PARELLA model might be appropriate to describe the data. (A sample size of 54
persons is not large enough to allow for reliable estimates. Because Andrich used the same data to
illustrate his model, however, this was ignored for illustrative purposes.)

The results of the PARELLA analysis of Andrich’s (1988) data are displayed in Table 3. The order
of the statements as found by Andrich was the initial order. The estimated order of the statements
according to the PARELLA model agrees with the order found by Andrich (the results in Table 3 are
a linear transformation of his actual results, but the transformation parameters are unfortunately
unknown). The fit of the statements to the PARELLA model appears to be good: the largest differ-
ence between the &reg;g; and Ei observed was 1.6, and the largest sum of differences was 3.4.

Table 3
Choice Percentage, Item Location, SUM, Two Largest Observed Values of Fit

Diagnostic (D, and D2), and Andrich’s Scale Values for the PARELLA Homogeneous
Statements Concerning Capital Punishment (N = 54, Q = 20)

Downloaded from the Digital Conservancy at the University of Minnesota, http://purl.umn.edu/93227.  
May be reproduced with no cost by students and faculty for academic use.  Non-academic reproduction  

requires payment of royalties through the Copyright Clearance Center, http://www.copyright.com/ 



164

Table 4

Step Function Estimates
of g((3) for Statements

Concerning Capital Punishment

The order of the statements constitutes a dimension ranging from &dquo;against&dquo; to &dquo;for&dquo; capital punish-
ment. This can be easily verified from the content of the statements. The estimated power was 1.25.
This suggests the presence of a moderately strong parallelogram structure (i.e., not too many Os be-
tween Is). The step function estimate of g(B) is shown in Table 4. Two groups of persons can be dis-
tinguished : a group located around -1.20 that could be labeled &dquo;moderately against capital
punishment,&dquo; and a group located around .80 that could be labeled &dquo;moderately for capital
punishment.&dquo;

Measurement of Attitudes Toward Nuclear Power

Formann (1988) reported a dataset consisting of the responses of 600 persons to five statements
concerning nuclear power. The responses were dichotomous, with 1 indicating agreement and 0 in-
dicating disagreement. The phrasing of the statements makes it probable that proximity relations will
largely determine a person’s response. Consequently the PARELLA model might provide a good descrip-
tion of the structure underlying the data.

The initial order of the statements (see Table 5) on the latent trait was the order Formann (1988)
expected the statements to have because of their content (ranging from &dquo;for&dquo; to &dquo;against&dquo; nuclear
power). This order was in agreement with the order of the locations estimated by the PARELLA model.
Table 5 also shows that the fit of the data to the model was not satisfactory. The sum of differences
for Items 2 and 5 were 18.5 and 21.6, respectively. Two additional analyses were performed-one
with Item 2 removed, and one with Item 5 removed.

Table 5 shows that the results after removal of Item 2 were encouraging: the largest sum of differ-
ences observed was 12.2, which is an acceptable value, considering the sample size of 600; the power
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Table 5
Choice Percentage, Item Location, and Sum of Differences, for Statements Concerning

Nuclear Power With All Items in the Analysis and With Item 2 Removed (-2)
and Item 5 Removed (-5) (N = 600, Q = 20)

parameter increased from 1.42 to 1.75, which indicates that a strong parallelogram structure was present
in the data. The results after removal of Item 5 were less encouraging: although the sum of differ-
ences indicated a good fit (i.e., the largest value observed was 9.6), the value of the power parameter
decreased from 1.42 to 1.03.

Experience with PARELLA indicates that removal of a badly fitting item always leads to an increase
in the value of the power parameter. Consequently, it may be concluded that Item 2 is the item deviating
from the PARELLA model, and that the results without that item are the optimal solution for this

Table 6

Step Function Estimates
of g(¡3) for Statements

Concerning Nuclear Power
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dataset. The ambivalent phrasing of Item 2 makes it likely that both those who are and those who
are not in favor of nuclear power might agree with this statement. Thus, the threshold of this item
will probably be greater than the threshold predicted by the PARELLA model.

The step function estimates of g([3) for the optimal solution is presented in Table 6. The step func-
tion was unimodal and symmetric around 0.0. This indicates that most people had a slightly negative
attitude toward nuclear power, but some people were in favor of or definitely against nuclear power.

Evaluation of Political Variables

Szirmai (1986) discussed the evaluation by 952 persons of 11 political items. The evaluations were
made on a five-point scale (I = &dquo;I agree strongly&dquo; to 5 = &dquo;I disagree strongly&dquo;; 0 was reserved
for the response &dquo;I don’t know&dquo;). These data were recoded (1,2 = 1) (0,3,4,5 = 0) in order to process
them with the PARELLA model. This dichotomization was selected because it resulted in sensible choice

percentages (i.e., not too small, not too large). Missing values were recoded 0, because it seemed un-
likely that a person would not answer to a variable he/she agreed with. Szirmai (1986) expected the
order of the statements on the latent trait to be interpretable as a left-wing to right-wing dimension
of political attitude. It is very likely that proximity relations should determine a person’s choice process,
because some measures are expressions of a left-wing attitude and others are expressions of a right-
wing attitude, and each person will be oriented either toward the right or the leftwing.
An initial order for the items (Table 7) was obtained with a nonparametric parallelogram model:

the MUDFOLD model (Van Schuur, 1984). All 11 items were analyzed in the first run. Items 3, 7, 8,
and 10 appear to have the worst fit (i.e., with the sum of differences substantially greater than 20).
Due to the presence of other fit diagnostics at the time this dataset was analyzed, Item 10 was the
first item to be removed from the dataset instead of Item 8. The remaining 10 items were analyzed
in the second run. Item 8 had a bad fit and was removed from the item set. After removal of Item
2 in the third run, eight items remained.

There might be two reasons why 3 of the 11 items did not fit the PARELLA model. First, they may
not have been appropriate for the measurement of left- to right-wing political attitudes as Szirmai
intended. Second, they may have been appropriate, but their threshold or power parameter may have
differed from those of the other items. The software of the PARELLA model does not permit differ-
ent threshold or power parameters, however, so this assumption could not be tested.

The order of the remaining items did reflect a left-wing to right-wing dimension of political atti-
tude (Table 8), with items that expressed a positive attitude toward social security and income level-
ing to the left side of the dimension and opposite measures to the right side of the dimension.

Table 9 shows that most persons were located between -.75 and .25, which indicates that most
persons in the sample supported social security and income leveling. The value of the power parameter
for the final item set was .69, which indicates that a weak parallelogram structure was present in
the data, and that more &dquo;Os between Is&dquo; would be observed.

Discussion

These results illustrated that the PARELLA model can be used to analyze data expected to result from
proximity relations. Hoijtink (1991) presents additional analysis of empirical datasets. A number of
issues remain, however, concerning the PARELLA model. The estimation procedure is the aspect of
the PARELLA model that has been best developed. Further research is still needed in determining correct
standard errors of the estimates, and a test of fit is needed for the adequacy of the IRFs defined by
the PARELLA model with known distribution. Future research should also concern PARELLA-like
models with a different power parameter and threshold parameter for each item (see Hoijtink, 1991).
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Table 8
Choice Percentage, Item Location, and Sum of Differences for Each of Szirmai’s Political Items

Table 9

Step Function Estimates
of g(¡3) for Szirmai’s
Political Measures
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