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Cognitive Processing of Multidimensional Stimuli in Schizophrenia:
Formal Modeling of Judgment Speed and Content

Jeffrey R. Carter and Richard W. J. Neufeld

University of Western Ontario

This article presents a formal, mathematical account of relations between response times on simple
cognitive tasks and content of complex judgments involving multiple stimulus dimensions for people
with schizophrenia. Changes in multidimensional judgments were viewed as the result of interference
from increased stages of encoding with respect to the individnal dimensions. Information on dimensional
properties encoded earlier in a judgment trial was considered to be more susceptible to loss over the rest
of the trial, because of a larger number of encoding stages applied to the remaining dimensional
properties. Model predictions were tested with samples of paranoid and nonparanoid schizophrenic
participants and controls. Unidimensional encoding speed was assessed by reaction times in an explicit
similarity ratings task, and multidimensional judgment content was assessed by the relative importance
of different stimulus dimensions to participants’ ratings in an implicit similarity ratings task. Results

support validity of the model.

The study of information processing in schizophrenia has
yielded considerable material on abnormalities of memory and
cognition (e.g., Cromwell & Snyder, 1993). Cognitive tasks on
which abnormalities have been observed often have entailed the
analyses of complex stimuli along multiple dimensions of related-
ness. For example, people with schizophrenia have been found to
be less likely to organize verbal stimuli according to memory-
facilitative semantic proximities than controls (e.g., Koh, Kayton,
& Berry, 1973). Samples of language behavior have also indicated
diminished influence of latent semantic networks on sequences of
words and phrases (Hoffman, Stopek, & Andreason, 1986). Re-
duced influence of stimulus dimensions has been evident in item-
sorting test performance (e.g., Dobson & Neufeld, 1982), includ-
ing that identified with frontal-cortex functioning (Paulman et al.,
1990), categorization of facial emotions, and the judgment of
similarity among words (Neufeld, 1976). The present work ad-
dresses sources of deficit in multidimensional judgments.

To this end, findings on deficits in encoding processes facilitat-
ing other cognitive operations were examined. Encoding processes
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have been found to entail more stages when carried out by schizo-
phrenic patients, especially those of the paranoid subtype (re-
viewed in Neufeld & Williamson, 1996). Delays in encoding, in
turn, have paralleled reduced organization of multidimensional
stimuli (Broga & Neufeld, 1981a). In this article, we describe and
evaluate a formal mathematical model integrating these paraliel
deficits.

Emphasis is placed on cognitive processes underlying judgment
formation. Processes include the encoding of individual dimen-
sions relevant to multidimensional judgments. They include, as
well, retention of encoded dimensional properties pending re-
sponse. In this study, participants were timed as they rated pairs of
words and pairs of schematic faces in terms of both overall
similarity and similarity on specific, predetermined dimensions.
The model posits that memorial traces formed earlier in a judg-
ment trial are vulnerable to retroactive interference from subse-
quent dimension completions, more so if encoding stages are
increased as in schizophrenia. The more salient dimensions of
interstimulus similarity are disproportionately affected because
they tend to precede others in the train of dimension-encoding
completions (as we discuss below). Unidimensicnal encoding
speed was assessed by the reaction times on an explicit similarity
ratings task, and multidimensional judgment content was assessed
by the relative importance of different stimulus dimensions to
participants’ ratings on an implicit similarity ratings task.

There are many potential benefits of synthesizing molecular and
molar cognitive-performance deficits. Parsimony is increased by
theoretically unifying documented deviations in encoding simple
stimuli or their features (where response latency is emphasized)
with_deviations in organizing complex stimuli (where response
content/quality is emphasized). The resulting synthesis seemingly
applies in a number of instances.

Prominent card- and object-sorting tasks, for example, involve
the cognitive assembly of multiple stimulus dimensions in terms of
an organizing principle (e.g., Pishkin & Bourne, 1981). Material
encoded earlier during a given sorting trial is susceptible to inter-
ference from intervening encoding operations (Chechile, 1987),
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with an increase in such operations jeopardizing the critical accu-
mulation of information necessary to solve the problem (Dobson &
Neufeld, 1982). This characterization may apply to sorting tasks
considered sensitive to frontal-lobe integrity (e.g., the Wisconsin
Card-Sorting and related tests). If so, then frontally located encod-
ing deficits mediating an overall decline in performance may be
implicated (e.g., elevated “perseveration errors” in card selection;
Paulman et al., 1990).

The list of deficits in multidimensional tasks that may be af-
fected by unidimensional encoding deficiency is extensive. Suffice
it to say that such multidimensional transactions may bear on the
negotiation of daily activities, ranging from mnemonic organiza-
tion to resolution of environmental stressors (Neufeld, 1999a).
Regarding symptomatology, incomplete multidimensional infor-
mation may foster thought-content disorder (Neufeld, Vollick,
& Highgate, 1993). Finally, mathematical models of cognitive
psychopathology may inform, and be informed by, neuro-con-
nectionist simulations (e.g., Hoffman et al., 1995).

This model description includes the essential features of the
proposed model relating unidimensional-encoding speed to
multidimensional-judgment quality. Quantitative developments
bearing on the model’s formal aspect are appendicized or are
presented in cited technical reports. Tutorials on stochastic-process
model applications are available elsewhere (e.g., Neufeld, 1998).

A verbal summary of the process model is presented in Table 1.
Consider judgments comprising multidimensional semantic simi-
larity of stimulus pairs. Such judgments assumedly depend on the
similarity of the stimuli on individual dimensions (e.g., “potency,”
“desirability,” “activity”). A common geometric expression of the
judged dissimilarity, d, between a pair of stimuli, x; and x, (see
Item H of Table 1), takes the following form (e.g., Schiffman,
Reynolds, & Young, 1981):

Ay = [ D wilxy; = 20712, M

i=1

Table 1

Here, x,; and x,; are the stimulus values on dimension i, while w;
is the weight of dimension ; for an individual judge, reflecting the
influence of that dimension on the judge’s dissimilarity judgment.
The source of schizophrenia multidimensional-judgment deficit is
modeled with reference to Equation 1.

Stimulus values on individual dimensions x;; and x,,, as held in
semantic memory, are assumed to be the same among schizophre-
nia and control participants (Neufeld, 1976). The relative influence
of dimension i, w,, when it comes to (dis)similarity judgment(s} d,
however, is considered to be diminished among schizophrenia
participants (Item H of Table 1). The source of this reduction can
be appreciated by considering the make-up of w,. This term is
modeled as the product of the following two variables: (a) the
intrinsic salience of dimension i, denoted m;, and (b) the proba-
bility of survival of the memorial trace conveying the encoded
separation on dimension i of the judged stimulus pair. That is, w;
is the expected value of m,, or E(m;), which is the product m;
(Probability of Survival of Trace i);i = 1,2, ..., r, where there
are r dimensions. Like the stimulus values on dimension i, above,
the intrinsic salience of semantic dimension i, m; once again is
considered to be the same for schizophrenia and control partici-
pants (e.g., Neufeld & Williamson, 1996). The source of deviation
in values of w; therefore involves the probability that the trace
survives until needed for the judgment.

This probability is a function of the time between encoding the
stimulus-pair with respect to dimension i and making the final
judgment. The above interval following completion of dimensjon
i is assumed to be occupied by encoding of still-uncompleted
dimensions (see Figure 1). Because of the documented delay in
encoding among schizophrenia participants, this interval is con-
sidered to be extended, making for increased risk of trace loss and
reduced influence of dimension i on the ensuing multidimensional
judgment.

Dynamic features of trace survival have been the subject of
rigorous formal modeling in cognitive psychology (Chechile,
1987). Trajectories describing the probability of trace loss over

Summary of Process Model of Mulitidimensional Judgments and Schizophrenia-Related Judgment Deviations

Item

Summary

A Multidimensional judgments involve encoding of stimuli with respect to dimensional properties, which compose the judgmental response
(e.g., the encoding of pairs of words with respect to component semantic dimensions, such as pleasantness, potency, and activation, which

compose judgments of semantic similarity).

dimensions still in progress.

mTm g A W

As the completion of the encoding process and the judgment response increasingly become separated by intervening cognitive events, there
is a greater risk of loss of the memorial trace conveying earlier encoded dimensional information.
One source of increased separation between dimensional encoding completion and judgment consolidation is extended encoding of other

As the number of subprocesses, or stages, involved in the encoding process increases, the number of subprocesses remaining to be transacted
on an uncompleted dimension increases (whether dimensional processing proceeds in serial or in parallel; see Figure 1 and Appendix B).

Encoding of intrinsically more salient dimensions will be completed before those that are intrinsically less salient.

Thus, the risk of losing the memorial trace conveying dimensional properties’ will increase primarily with respect to dimensjons that are

intrinsically more salient, if the number of encoding subprocesses rises throughout; put differently, subsequent dimensional encoding will
retroactively interfere with memorial traces of earlier encoded dimensions more than those of later encoded dimensions.

TQ

Encoding operations among schizophrenic participants are characterized by increased subprocesses that form an encoding process.
Considering F and G together, indexes of dimensional influence on judgment responses should tend to differ between schizophrenic

participants and controls, especially for intrinsically more salient dimensions. Such indexes include dimension-salience weights of
multidimensional scaling algorithms used to analyze similarity judgments, such as Individual Differences Multidimensional Scaling
(INDSCAL; Carroll & Chang, 1970). Allowing the relative order of intrinsic dimensional salience to be inferred from empirical
INDSCAL salience weights among controls, the aforementioned pattern of group differences across differentiaily salient dimensions has

been observed (Neufeld, 1975, 1976).
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Figure 1. Schematic portrayal of encoding latencies for two dimensions processed in parallel (top haif of

figure) and in serial (bottom half). In each case, protracted finalization of dimensional encoding necessitates
longer memorial retention of the first-completed dimension for that dimension to influence the judgment

response.

time (“trace-survivor functions”) can be depicted according to
stochastic models of “event history”! (e.g., Galambos, 1978).
Those potentially characterizing the path of trace loss in the
present context are presented in Appendix A.

Each trace-survival expression F(z) has a specific architecture
prescribed by an algebraic function F of time #, with associated
parameters. These parameters (delineated in Appendix A) include
the rate of trace disintegration and also allow for variations such as
rehearsal, potential invulnerability of traces, and retrieval despite
partial failure. The model architecture is regarded as being the
same across groups of participants, as are its parameter values. The
source of diminished values of F(r) therefore does not lie in the
algebraic function F but in longer intercompletion times ¢ to which
the function is applied.

The source of increased ¢ in turn comprises additional encoding
subprocesses (Neufeld et al.,, 1993) applied to dimension(s) re-
maining to be dealt with (serial dimensional encoding) or to those
still in progress (parallel encoding; Item D of Table 1). Cognitive—
behavioral correlates of this source have been tendered elsewhere
(Neufeld & Williamson, 1996). In the present instance, they ten-
tatively entail additional steps involved in reading and cognitive
representation, accessing the relation of each item to the similarity
dimension being processed, comparing item positions, and ascer-
taining their dimensional distance. The additional covert steps
potentially involve disengagement deficit, overinclusiveness, and
orienting activity, among other sources (reviewed in Neufeld &
Williamson, 1996). Note that the invocation of additional subpro-
cesses as the source of increased ¢ is compatible with the obser-
vation that the agent of trace loss is not the passage of time in and
of itself, but the cognitive activities taking place in the interim
(Chechile, 1987). ’

The amount of subprocesses outstanding for an uncompleted
dimension is estimable from associated unidimensional encoding
times. This statement applies to cases of serial or parallel encod-
ing, for reasons described in Appendix B.

Overall, then, unidimensional encoding latency was used in
conjunction with formal parametric survivor functions to predict
salience weights of Equation 1 for paranoid and nonparanoid
schizophrenic patients and controls. Specifically, the salience
weights w; of the second least salient dimension of judged words
or faces were predicted using unidimensional encoding times of
the stimulus set’s least salient dimension (Item H of Table 1). Less
salient dimensions are defensibly completed after more salient
dimensions (see Appendix B; elaborated in Carter & Neufeld,
1996). Findings from complementary levels of performance there-
fore were embedded in mathematically sound parametric process
models of cognition.

Method
Participants

Participants were 20 paranoid schizophrenic patients, 20 nonparanoid
schizophrenic patients, and 20 controls. The present subgroup division was
undertaken because (a) such division occurred in past research using
similar judgments; (b) various premorbid and prognostic variables have

! Doob (1953) stated, “A stochastic model is the mathematical abstrac-
tion of an empirical process whose development is governed by probabi-
listic laws” (p. v). Rationale for the present selection of candidate functions
is presented in Carter and Neufeld (1996), available from Richard W. J.
Neufeld.
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been associated with paranoid-nonparanoid symptomatology (see, e.g.,
Strauss, 1973); and (c) configurations of symptom intercorrelations are
compatible with this division (Neufeld & Williaruson, 1996). Nonpatient
volunteers were recruited through Employment Canada (London, Ontario).
All participants were between 18 and 60 years of age, had an educational
level of Grade 8 or above, had no record of brain damage, and did not have
current drug dependency or alcoholism included in their diagnosis. In
addition, patients had fewer than 36 months cumulative hospitalization, no
electroconvulsive therapy within the 6 months before testing, and an
International Classification of Diseases—I10 clinical diagnosis of currently
active schizophrenia. Participants were assigned to paranoid schizophrenic,
nonparanoid schizophrenic, or nonschizophrenic groups by Research Di-
agnostic Criteria (RDC; Spitzer, Endicott, & Robins, 1978), by using
information obtained from structured interview (Symptom-Sign Inventory
[SSI]; Foulds, Caine, Adams, & Owen, 1965). In addition, diagnoses were
cotroborated by the Maine Scale of Paranoid and Nonparanoid Schizo-
phrenia (Magaro, Abrams, & Cantrell, 1981), vsing the highest-subscale
criterion (Lubow, Weiner, Schlossberg, & Baruch, 1987). Three patients
were excluded from the analysis because their RDC diagnosis, Maine Scale
scores, and clinical diagnoses were not in agreement, and one patient
declined to complete the experiment. Two control participants were ex-
cluded because they met at least one RDC criterion for disorder. Each of
these participants was replaced. Table 2 presents the demographic charac-
teristics of the present samples.

Table 2
Demographic Characteristics of Groups
Group
Characteristic Paranoid Nonparanoid Control

Age (years)

M 37.95 42.30 30.55

SD 9.26 10.74 10.13
Handedness®

M 0.63 0.53 0.69

SD 0.56 0.59 0.35
Gender

Men 19 15 13

Women 1 5 7
WAIS-Clarke 1Q®

M 10.60 11.05 12.05

SD 2.11 230 1.49
Social class (Hollingshead)®

M 3.65 3.60 3.25

SD 0.88 0.75 0.97
Social class (1981 Canadian census)?

M 35.26 35.05 36.35

SD 13.40 8.76 12.31
Cumulative hospitalization (months)

M 13.75 13.65

SD 12.26 10.66
Antipsychotic medication® (mg

chlorpromazine equivalencies)

M 502.20 618.31

SD 768.22 470.52
Anti-Parkinsonian medication®

(mg benztropine equivalencies)
M 1.42 1.35
SD 1.53 148

Note. WAIS = Weschler Adult Intelligence Scale.

® Edinburgh Handedness Index (Oldfield, 1971). ° Paitich & Crawford
(1970). © Hollingshead (1957) Two Factor Index of Social Position.
9 Blishen, Carroll, & Moore (1987). ¢ Davis (1976); Krogh (1992); Wyatt
& Torgow (1976).

Stimuli and Apparatus

Three sets of stimuli were used: two composed of words and one of
schematic faces. One set of words consisted of 12 descriptors of affect,
taken from Bush (1973). The second set of words was made up of 12
personality descriptors, adopted from Tucker (1972). Both sets have pre-
viously been used among the present types of samples (Neufeld, 1976).
Schematic faces were obtained from “A Nonverbal Scale of Emotion,”
composed by Ridgeway and Russell (1985; cited in Lay, Waters, & Park,
1989). The faces were constructed to vary on two meaningful ordinal
dimensions, “arousal” and “pleasure.” These particular sets of stimuli were
selected for generalizability across verbal and nonverbal domains, and
because of their previously demonstrated complexity in terms of semantic
dimensionality and their ecologically relevant content.

Stimuli were presented using slides and a rear projection screen. Partic-
ipants sat approximately 85 cm from the screen. The front edge of the
projector was 102 cm from the screen, producing characters up to 10 mm
in height, and faces 65 mm in height. Visual angle between the midpoints
and outer boundary of each member of a pair of stimuli was under 20
degrees. These display specifications accommodate the span of stimulus-
intake among both nonchronic schizophrenic patients and controls (Cega-
lis, Leen, & Solomon, 1977). A Packard-Bell SX16 computer recorded
responses and reaction times and advanced the slide projector. A London
Research and Development 8254 Timer Board (London, Ontario, Canada)
was used to measure response times in milliseconds.

Procedure

Overview. Participants completed the procedure in three stages. In the
first stage, they answered the paper-and-pencil inventories and participated
in a diagnostic interview. Next, they made judgments regarding the overall
similarity of pairs of stimuli (implicit or multidimensional judgments). In
the final stage, they judged the similarity of pairs of stimuli with reference
to specific dimensions (explicit or unidimensional similarity judgments).
Participants were timed for all judgments.

Multidimensional judgments. Participants were presented with all
unique pairs of stimuli within each set (i.e., 66 for each of the verbal sets
and 36 for the nonverbal set). There was a short break between sets (up to 5
min). The order of the sets, stimulus pairs within each set, and stimuli
within pairs were balanced systematically. One third of the participants
began with each of the three stimulus sets, each participant began at a
different point within the set, and each word or schematic face was equally
likely to be on the left or right for a given trial. On the basis of pilot testing,
we allowed three practice judgments, using randomly selected pairs from
the set at hand, to precede the recorded judgments. Participants indicated
on a 9-point response panel the similarity of the items forming each pair,
in terms either of facial expression or meaning. Anchors were highly
similar (1) and highly dissimilar (9). The instructions were nondirectional,
s0 as to preserve the symmetry assumption (i.e., the similarity of object a
to b considered to be the same as b to a; Tversky, 1977).

The similarity judgments composed the data submitted to the multi-
dimensional scaling algorithm. This algorithm deciphered the saliences (i.e.,
the contribution of each dimension to the overall-similarity judgment w,) that
later served in tests of model predictions. In addition, latencies of the
multidimensional judgments were monitored throughout. These latencies
were subsequently used to evaluate the tenability of assumptions regarding
encoding processes involved in the broader trace-survival model of dimen-
sional salience. Response latencies throughout were recorded as the dura-
tion, in milliseconds, from stimulus onset to response registration. This
option was used in favor of allowing participants simply to indicate when
a judgment had been made, followed by enunciation of its value; the option
was deemed to risk fewer problems of “fast guessing” and postresponse
processing (cf. Hughes, Reuter-Lorenz, Nozawa, & Fendrich, 1994).

Note that during both the present multidimensional judgments and the
unidimensional judgments, described below, participants were not specif-
ically paced in terms of instructions to respond as quickly and accurately
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as possible. Rather, participants were tacitly paced, inasmuch as recording
of response time was apparent. This instructional milieu was in keeping
with past conditions under which similar judgments were obtained (e.g.,
Neufeld, 1976).

Unidimensional judgments. ~ After finishing the multidimensional judg-
ments, and an additional break, participants undertook the unidimensional
judgments. Thus, participants were not alerted to putative stimulus dimen-
sions during their multidimensional judgments.

Twelve unique pairs of stimuli were selected from each of the three sets,
for purposes of obtaining the relevant unidimensional judgments. Each
subset of stimulus pairs, selected from its larger stimnlus set, was deter-
mined by a procedure for representativeness presented by Spence and
Domoney (1974), adapted to the present context (their Cyclic Design II).
Participants again indicated, on a nine-point response panel, their inter-
stimulus similarity assessments, this time with respect to the specific
dimension under consideration. On the basis of pilot testing, we aliowed
three practice trials to precede the recorded judgments. Order of sets, pairs
within sets, and items within pairs were varied as in the multidimensional
judgments. A title slide before presentation of each set explicitly labeled
the dimension along which the stimuli were to be judged. In addition, the
meaning of each label was clarified verbally as necessary. Previous ratings
of individual items composing each set of words along their respective
dimensions of semantic similarity have been comparable across samples
from the present populations of schizophrenic subgroups and controls,
indicating the availability of each dimension in semantic memory (Neufeld,
1976).

Dimension labels for the affect descriptors were based on previous
multidimensional scaling (MDS) results from paranoid and nonparanoid
schizophrenic subtypes and controls, resembling the present samples
(Neufeld, 1976). These dimension labels included “pleasant—unpleasant,”
“level of activation,” and “aggression—activation.” For the personality
descriptors, dimension labels were designated in a similar fashion. Labels
included “weak-strong,” and “excitability.” Finally, the schematic-face
stimuli had been constructed to vary along the two dimensions, “pleasure,”
and “arousal” (cf. Lay, Waters, & Park, 1989), used for the unidimensional
judgments.

Latencies for the unidimensional judgments served in the assessment of
predictions regarding relations between unidimensional encoding speed
and MDS dimension-salience weights. They were used as well in conjunc-
tion with the multidimensional similarity-judgment latencies, to assess the
plausibility of inferred dimension-encoding processes.

Analytical Methods

Model testing procedures entailed standard methods for estimation of
parameter values and testing of model predictions against empirical obser-
vations (see, e.g., Bamber & van Santen, 1985). Parameter estimation used
maximum-likelihood criteria, whereby parameter values are those most
probable in the population, given the structure of the mathematical model,
and the data at hand (see Likelihood Ratio x* of Appendix C). Minimum
Pearsonian  (see Pearsonian x> of Appendix C) was an alternate estima-
tion criterion. The versatile function-maximizing algorithm, STEPIT 7.4
(Chandler, 1975), was used for parameter estimation and computation of
G? (with associated degrees of freedom), a statistic that is asymptotically
x° with increasing response-sample size (Appendix C). Suggestions for
avoiding suboptimal fit and imprecise parameter values, put forth by
Piotrowski (1983), were used.

Estimation-and-test procedures were applied to both the response la-
tency data from the unidimensional and multidimensional judgments (used
to evaluate the plausibility of inferred encoding processes) and the broader
model relating unidimensional encoding latency to MDS dimension-
salience weights. Alternate trace-survivor functions (see Appendix A)
serving in the broader model were examined, with the principle aim of
implementing the simplest function allowing an adequate empirical fit (see,
e.g., Grilnwald, in press). Accuracy of predictions from competing models
were compared with those of the proposed model. Several subsidiary

analyses were undertaken to evaluate alternate aspects of model adequacy
and validity of results.

Analysis of the multidimensional similarity judgments used the Individ-
ual Differences Multidimensional Scaling (INDSCAL) algorithm as im-
plemented by the SPSS-X, Version 4.1 program, ALSCAL (Alter-
nate Least Squares Scaling; Young, Takane, & Lewyckyi, 1988). The
INDSCAL model and algorithm had been used in previous analy-
ses informing the current work (Neufeld, 1976). Technical details of
the algorithm have been provided elsewhere (Carroll & Arabie, 1980).
INDSCAL provides stimulus values for each dimension used by the
participants at large as well as a set of weights for each participant
indicating the contribution of each respective dimension to his or her set of
judgments (see Equation 1).

This program uses an iterative least-squares solution for the stimulus
values and participants’ weights to maximize the fit of the judgments
computed from the weighted dimensions to the appropriatety transformed
(scalar products) original judgments (see Torgerson, 1958). The analysis
solves for the stimulus coordinates and participants’ weights in a multi-
dimensional geometric space according to the number of orthogonal di-
mensions (solution dimensionality) specified by the user. Note that the
method’s participant-wise level of analysis avoids an inappropriate model
fit when essential axioms regarding data properties in MDS have been
violated (Ashby, Maddox, & Lee, 1994), and, like three-way factor anal-
ysis, creates a solution that is unique and cannot be rotated (Carroll &
Chang, 1970). In summary, the analysis provides the stimulus values for
each dimension of each solution and the relation of each solution’s com-
puted dimensions to each participant’s judgments.

Results

Steps to critical tests of the proposed model relating response
content and latencies proceed as follows: After a comparison of
groups on demographic variables, tenability of the encoding pro-
cesses proposed by the model is addressed. Toward this end,
latency data were tested against predictions from model structures
compatible with such processes. Next, results of a multidimen-
sional scaling analysis of the content of the judgments are pre-
sented. The critical tests of the proposed model are followed by
several additional analyses bearing on validity. This section con-
cludes with a discussion of the functions most likely to describe
accurately the relationship between response latency on unidimen-
sional judgments and response content on multidimensional
judgments.

Groups did not differ with respect to any of the shared demo-
graphic measures listed in Table 2, exceptions being age and
gender (p < .05). The patient groups did not differ from one
another in age, but each was significantly older than the control
group (Newman-Keuls p < .05). Regarding gender, tests of sep-
arate 2 X 2 contingency tables indicated that the paranoid sub-
group was the source of inequality. Pursuant to these results,
correlational analyses were undertaken to estimate relations be-
tween age and gender, as well as patient-specific variables (hos-
pitalization, antipsychotic and anti-Parkinsonian medication) and
each dependent variable used in subsequent analyses. In no in-
stance was a significant association obtained (procedures for mul-
tiple tests on correlations based on Larzelere & Mulaik, 1977);
alpha was set at .10, two-tailed, per family of tests per group, like
procedures being applied additionally to pooled intragroup corre-
lations (e.g., Baggaley, 1964) involving patient specific variables.
In the case of possible dependent-variable associations with gen-
der, two-tailed 7 tests used Welch’s adjustment for degrees of
freedom involving unequal sample sizes; as well, it was ascer-
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tained that differing within-group variances did not combine with
inequalities in sample size to create a negative statistical bias
(Meyers & Well, 1993, pp. 105-109).

Tenability of Encoding Processes

The proposed model relies on two critical assumptions. First,
people complete encoding operations for each individual stimulus
dimension. Whether these operations proceed in parailel or in
serial does not influence the potential validity of the proposed
model.> Second, the proposed model assumes that processing of
more salient dimensions tends to be completed before that of less
salient dimensions. If encoded in serial, dimensions simply are
deemed to be undertaken in order of salience, as indicated above.
In the case of parallel processing, the more likely candidate of the
two architectures (Torgerson, 1965), completion of dimension
encoding again is considered to be ordered on salience (Appendix
B). The analytical aspects of probing this assumption, however, are
more involved. They include the construction and testing of a
parallel encoding model expressing the posited order of
completion.

In the parallel case, the probability of the more salient dimen-
sion being completed before the less salient dimension was arbi-
trarily required to be =.99. As completion order is a function of
relative processing rates of the respective dimensions (their rates
of subprocess transaction; Appendix B), it was necessary to estab-
lish the comparative values of these rates that would generate the
designated probability regarding the order of completion. The
requisite ratio of rates can be shown to vary with the number of
encoding subprocesses involved. Hence, estimates of this number
were required beforehand. Such estimates were available from
unidimensional encoding latencies, where judgments were made
on specific dimensions specified. With the subprocess estimates in
hand, the required ratio of processing rates was implemented in a
model of judgment latencies where constituent dimensions were
denoted as being processed in parallel. Model predictions then
were evaluated against empirical multidimensional processing
latencies.

Estimating relative number of encoding subprocesses: Uni-
dimensional judgments. Unidimensional judgments were repre-
sented in terms of an ordinary gamma distribution (see Appendixes
A and B). The encoding-rate parameter u of this distribution
initially was set equal to 1.0 throughout. This parameter is iden-
tified with “dimension salience” (Appendix B; Carter & Neufeld,
1996). The value of 1.0 was assigned because in the case of these
unidimensional judgments, dimension salience was assumed to be
equalized across dimensions and groups; the specific dimension
under consideration was made explicit to each participant at the
outset. The value of 1.0, moreover, conveniently is accordant
with the maximum possible dimension-salience value w; in the
INDSCAL MDS algorithm.

The predicted encoding latency based on the ordinary gamma
distribution was k/u. Here, k is the number of encoding subpro-
cesses (presently to be estimated), and  is the rate of subprocess
completion, set equal to 1.0 in the current case. The model pre-
diction of response-time variability across trials, quantified as the
standard deviation, was (k/u®)"/>. Parameter estimation of k, one
value for each group and each dimension, was carried out by
minimizing Equation C1, presented in Appendix C.

This procedure for parameter estimation was administered sep-
arately for each dimension, making for three estimates of k per
dimension, one per group. Observations numbered six for each
dimension, one mean and standard deviation for each of the three
groups. The means and standard deviations serving as the observed
values comprised the averages taken across participants within a
group. In this way, each group was represented as a “homogeneous
subject”; the use of standard deviations within this data-summary
format can add considerably to efficiency of parameter estimation
(Townsend, 1984).

Prior to aggregating data across participants, it was ascertained
that individual means and, separately, standard deviations, could
be viewed as representing observations from a single normally
distributed population. Kolmogorov-Smirnov tests were applied to
each group of aggregated values. (A significant result indicates
that this assumption has been violated.) All tests were nonsignif-
icant, with p values ranging from .169 to .999, and a mean of .735.
Data aggregation, then, as undertaken here was an ideal tack to
reducing error variance that would obscure the parameter values of
a common model structure (Neufeld & Gardner, 1990).

For all analyses, an adjustment of the observed data was made
for response movement time (e.g., Smith, 1995). Specifically, 160
ms were subtracted from each mean, and (36 ms)> from each
variance (see, e.g., Townsend, 1984). Observe that the present
response paradigm involved more than a simple button press or
finger lift. Therefore, the possibility that the aforementioned val-
ues were underestimates of contribution to latencies from residual
components is examined below.

Alternate versions of the present model included (a) releasing u
to be a free parameter, rather than fixing it at 1.0; (b) fixing k equal
to 1.0 and allowing u to vary across groups; and (c) releasing k as
a free parameter as well as allowing u to vary across groups.
Despite additional free parameters in versions (a) and (c), none of
these variations led to meaningful improvement in fit over that
where u was set at 1.0 and k& was permitted to vary across groups.
Also, variation (a) did not contraindicate the essential configura-
tion of values of k presented in Tables 3 and 4, which varied across
all stimulus sets as expected. Note further, regarding versions (b)
and (c), that parameters with integer values, such as k, can be at a
disadvantage regarding fine-tuning of model predictions relative to
parameters whose values are continuous, such as u.

Multidimensional-encoding model structure and encoding rates.
Turning to the multidimensional judgments, processing latencies
were predicted using two models with competing structures: an
independent parallel model, expressed as a simultaneous gamma
process, and a serial model, expressed as an ordinary gamma
process (Appendixes A and B). The simultaneous gamma process
comprised an elaboration of Equation B2 of Appendix B, allowing
for the modeling of means and standard deviations of latencies
(detailed in Townsend, 1984). The ordinary gamma distribution,
expressing serial processing, assumed that dimensions were en-

2 A reviewer's suggestion of an alternate class of models in which
judgments are completed by a global matching process (as in certain
recognition models) highlights the importance of demonstrating that at
least one of these model structures is viable.
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Table 3

639

Means of Unidimensional Judgment Latencies (Interparticipant Standard Deviations in Parentheses), Average Intertrial Variability,

and Model Predictions and Estimates (Two-Dimensional Item-Sets)

Observed
mean latency,  Model-predicted Observed Model-predicted  Estimated
Dimension Group adjusted mean latency variability variability k er‘;;=3)
Faces
Pleasure Control 5.25 (2.68) 5 2.22 (1.86) 2.23 5
Paranoid schizophrenic 5.42 (2.79) 6 3.45 (2.00) 2.45 6 0.52
Nonparanoid schizophrenic 5.24 (2.94) 6 2.92 (1.89) 245 6
Arousal Control 5.09 (2.64) S 2.67 (1.71) 2.23 5
Paranoid schizophrenic 5.93 (2.97) 6 3.22(2.15) 2.45 6 0.46
Nonparanoid schizophrenic 5.58 (2.94) 6 3.23(1.88) 245 . 6
Personality descriptors
Weak-Strong Control 5.94 (2.39) 6 2.54 (1.31) 2.45 6
Paranoid schizophrenic 7.02 (3.19) 8 4.22 (1.97) 2.82 8 1.17
Nonparanoid schizophrenic 6.81 (3.37) 8 4.00 (2.39) 2.82 8
Excitability Control 5.92 (2.36) 6 2.83(1.53) 2.45 6
Paranoid schizophrenic 6.83 (2.74) 8 4.03 (1.51) 2.82 8 1.38
Nonparanoid schizophrenic 7.10 (2.45) 8 4.43 (1.71) 2.82 8
Note. Observed variability includes SD across judgment trials, adjusted.

coded in sequence, one after the other.> Parameters of this distri-
bution were the processing rate u, and k, whose assigned value was
the sum of the estimated subprocesses for the dimensions involved
in the item set. Computational constraints dictated that only stim-
ulus sets with two dimensions (faces and personality descriptors)
be included.

Before embarking on estimation-and-test procedures and model
comparisons for the multidimensional judgments, computer com-
putations were used to establish the ratio of encoding rates, u, to
u,,, to be assigned to processes a and b of the simultaneous gamma
model representing the parallel-processing hypothesis. Recall that
it was required that the probability of completing the more salient
dimension of each set first (“pleasure” for the face stimuli, and
“weak-strong” for the word stimuli) be at least 0.99, given the
current estimates of k (Appendix B; Carter & Neufeld, 1996). The
obtained ratio for the schematic face stimuli was 4.5 and that for
the personality descriptors was 4.0.* For each of these two sets of
stimuli, therefore, a single parameter was estimated, specifically
u,, with u, being set to 4.5 or 4.0 times u,. The ratios of rate
values, thus established for each set of stimuli, were applied to
each group alike, making for two parameter estimates in all.
Similarly, for the serial model, two estimates of the parameter u
were obtained, one for each stimulus set. Note that the current
constraints on structure and parameter relations would strain the
predictive accuracy even of a potentially valid model (Townsend
& Ashby, 1983, p. 156).

In estimating parameters and testing model fit, x*, presented in
Equation C2 of Appendix C, was used (with df = 4), as specified
in the appendix. Values of u, (or simply u for the serial model)
were estimated by minimizing Equation C2. In the first instance,
observed variances in response latencies across multidimensional
judgments within participants were introduced as values of Var, in
Equation C2. The latter was then minimized to obtain the two
estimates of u,. These values were inserted along with the earlier-
established values of k into the theoretical (i.e., modeled-predicted)
variance expression as specified by the simultaneous-gamma
model. As an additional check on model fit, the resulting values for
Var,, were then inserted into Equation C2. Both the X* employing

the observed-variance values and that employing their model-
predicted variance replacements were tested for significance (see,
e.g., Snodgrass & Townsend, 1980).

Next, the model-predicted variance expression (rather than the
observed value) determined the Var, terms of Equation C2. The
to-be-estimated parameters u, and the earlier-established values of
k were inserted into this expression. In other words, the (preset)
values for k and the free parameters u, now appeared in both the
simultaneous-gamma model-predicted means and the model-
predicted Var,’s occurring in Equation C2. The latter equation
once again was minimized and the resulting values of u, were
retained for entry into the model-predicted means in the further test
of model fit. This time, however, observed variances replaced the
model-specified variances as the Var, terms in Equation C2, rather
than the other way around. Once more, the initially minimized x*
as well as that with the replacement (observed) variances were
tested for significance.

Before averaging observed data across participants within
groups, Komogorov-Smirnov tests were applied to ascertain that
aggregated means and, separately, standard deviations, were from
a single normally distributed population. Prior to all computations,
a “movement-time component” of 160 ms was subtracted from
each observed mean, and (36 ms)® from each observed variance.

3 The ordinary gamma model is not confined to expressing a serial
process. The model could depict a parallel process with capacity realloca-
tion: upon completing one dimension, released encoding resources hypo-
thetically are dealt to the remaining dimension. The rate of subprocess
completion, in this case, can be shown to remain constant throughout the
judgment trial, resulting in an ordinary gamma process.

* Given the simultaneous-gamma parallel model, the appropriated values
of k, and the imposed ratios of u,/u,, the mean residual subprocesses of
process b following completion of process a was 4.70, with a standard
deviation of 1.20, among the paranoid and nonparanoid schizophrenia
patients for the schematic-face stimuli, and 3.94, with a standard deviation
of 1.06, among the controls. For the personality descriptors, the corre-
sponding means were 6.02 and 4.56, with standard deviations of 1.53
and 1.26, respectively.
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Table 4

Means of Unidimensional Judgment Latencies (Interparticipant Standard Deviations in Parentheses), Average Intertrial Variabiliry,

and Model Predictions and Estimates (Three-Dimensional Item-Set)

Observed
mean latency,  Model-predicted Observed Model-predicted  Estimated
Dimension Group adjusted mean latency variability variability k j/fd’;: 3
Affect descriptors
Pleasant—unpleasant Control 5.76 (2.67) 6 2.78 (1.67) 2.45 6
Paranoid schizophrenic 7.44 (4.01) 8 4.15(2.15 2.82 8 0.766
Nonparanoid schizophrenic 6.52 (2.93) 7 3.54 (1.64) 2.65 7
Level of activation Control 6.07 (2.78) 6 2.92(1.67) 245 6
Paranoid schizophrenic 6.65(2.71) 7 3.86 (1.67) 2.65 7 0.87
Nonparanoid schizophrenic 7.26 (3.13) 8 3.95(1.89) 2.82 8
Aggression—activation  Control 6.05 (2.72) 6 2.79 (1.86) 245 6
Paranoid schizophrenic 7.09 (3.27) 8 3.69 (1.92) 2.82 8 1.16
Nonparanoid schizophrenic 743 (2.53) 8 4.56 (2.28) 2.82 8

Note. Observed variability includes SD across judgment trials, adjusted.

All Kolmogorov-Smirnov tests were nonsignificant, with p values
ranging from .172 to .996, and a mean of 0.684.

For the parallel model, computed parameter values were highly
similar, whether the model-predicted or observed variance terms
served in the estimation procedure. Values of u, were .95 and .96,
respectively, in the case of face stimuli, and 1.19 and 1.18, for the
personality descriptors. Also, in both instances, computed x* val-
ues were similar. That obtained using the observed variance in the
estimation procedure was 6.215, p = 0.18. Subsequently inserting
the associated model-predicted variance resulted in a y* of 9.17,
p =~ 0.06. Initial estimation using the model-predicted variance
resulted in a x* of 9.047, p ~ 0.06. Replacing the model-predicted
with the observed variance term produced a value of 6.304,
p =~ 0.18.

The serial model structure on the whole generated less tractable
and worse fitting solutions. Parameter estimation employing ob-
served variances led to rate values of 1.925 for face stimuli
and 2.35 for the personality descriptors. A value of 6.275 was
obtained for x°, p =~ 0.18. However, the value was raised
to 18.649, p < 0.001, when modeled variances were used, incor-
porating the above estimates of processing rate. Initial parameter
estimates using modeled variances led to unreasonable rate values

Table 5

that tended to infinity. When the above values of 1.925 and 2.35
were specified as starting amounts, however, the estimation pro-
cedure remained stable at essentially these values. Table 5 lists
observed data and model predictions.

Subsidiary analyses probed certain variations on the current
parallel model. Both u, and u, were allowed to vary freely (u,,, u,
> (), rather than requiring «, to be scaled to u,,. Such alteration did
not produce a superior model fit. Observe that this reduction in
parameter constraints permitted a probability of less than 0.99 that
the more salient dimension would be completed first.

Assumptions regarding the residual time component also were
examined. Additional analyses assessed whether incorporating a
residual-process time component as a free parameter would add to
predictive accuracy. Unadjusted observed means and variances
were used in the estimation-and-test procedures, discussed above,
and a residual-time parameter ¢, was added to the model predic-
tions of means. In each instance of estimation, the value of ¢,
tended to become very small, not unlike the value previously
assigned, with essentially no reduction in y*s occurring despite the
additional free parameter.

In summary, results tended to support the independent parallel
model of dimension encoding over the serial competitor. Despite

Means of Multidimensional Judgment Latencies (Interparticipant Standard Deviations in Parentheses),

Intertrial Variability, and Model Predictions

Model-predicted Model-predicted

Stimulus set

Group

Faces

Personality descriptors

Affect descriptors

Control

Paranoid schizophrenic
Nonparanoid schizophrenic
Control

Paranoid schizophrenic
Nonparanoid schizophrenic
Control

Paranoid schizophrenic
Nonparanoid schizophrenic

mean latency variability
Observed mean Parallel Serial Observed Parallel Serial
latency, adjusted model model variability model model
5.9572 (3.0791) 5.2688 5.1948 2.6910 (1.4962) 2.3456 1.6427
6.1124 (2.7293) 6.3190 6.2338 3.5767 (1.7874) 2.5732 1.7995
5.5603 (2.3240) 6.3190 6.2338 2.9133 (1.5554) 2.5732 1.7995
5.3457 (2.1992) 5.0466 5.1064 2.7500 (1.4350) 2.0512 1.4741
6.4084 (2.2097) 6.7245 6.8085 3.8738 (1.1469) 2.3736 1.7021
6.6933 (2.2085) 6.7245 6.8085 4.1089 (1.4344) 2.3736 1.7021

5.2341 (2.4934)
6.7337 (2.7153)
6.7608 (2.3301)

2.6912 (1.3038)
4.1841 (1.6559)
4.0484 (1.5184)

Note. Observed variability includes SD across judgment trials, adjusted.
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substantial constraints imposed on the first model structure, resid-
ual variance of predicted observations fell short of significance, or
“well short” of significance. Qualitatively, a parallel encoding
structure is in keeping with the Euclidean distance function de-
picting the present multidimensional judgments (Torgerson, 1965).
It also is accordant with the observation that the mean latency and
variability of the multidimensional judgments in some instances
were lower than they were for their unidimensional counterparts
(Townsend & Ashby, 1983, chap. 4). On balance, results favored
a parallel architecture of dimension encoding and tenability of the
assumed dimension-completion order. Although parallel process-
ing seemed to be in effect, serial processing cannot be ruled out
categorically. There exist serial processing models that can pro-
duce performance patterns empirically equivalent to those of the
parallel model. Owing to space constraints, details are left to the
original source (Townsend & Ashby, 1983, chap. 14).

The observation of lower latencies for some multidimensional
as compared with unidimensional judgments implies that process-
ing speed increased with an increase in task load. An increase in
the rate of processing transaction under such conditions represents
a case of “supercapacity.”® Supercapacity can be produced by
more than one type of processing mechanism (Townsend &
Nozawa, 1995). Given a simultancous-gamma process in the
present case, the operative mechanism is considered to comprise
cross-channel activation, whereby processing rates of the respec-
tive gammas can be enhanced. Formal expressions of this mech-
anism, transcending simultaneous gamma processes, are presented
in the above sources. Empirical support for its theoretical exten-
sion to information processing under stress has been provided by
Neufeld (1999b).

Finally, there isa pattern in Tables 3, 4, and 5 for the observed
variability in latencies (standard deviations across judgment trials)
to be smaller among the control participants. Reduced variability
accompanying reduced means is not uncommon in the present type
of information processing and is accommodated by tenable pro-
cessing models (cf. Ashby, 1982). The present models are no
exception, as indicated by the associated pattern of decline in
model-predicted variability.

Multidimensional Scaling

The probabilities of memory traces surviving could not be
observed directly and were instead derived from the calculated
dimension weights and estimated intrinsic saliences. In the nota-
tion described above, for dimension i and judge j, Pr(Survival of
Trace ij) = w;/m,. The values of w;; were taken directly from an
INDSCAL analysis. The technical details of this analysis are as
follows.

Initial configurations of stimulus values for personality and
affect descriptors submitted to the ALSCAL algorithm conformed
to those of Neufeld (1976). Stimulus-value patterns from that
solution (aligned with stimulus dimensions described under “uni-
dimensional judgments” above) were relatively unambiguous and
parsimonious. The initial configuration entered for the schematic
faces was determined by the location of the selected items on their
two dimensions, described above (Lay et al., 1989). Analyses were
undertaken treating the rating category boundaries in terms of
interval (equal-appearing intervals) and ordinal (successive inter-
val; see, e.g., Torgerson, 1958) properties. Results differed trivi-
ally; those based on the ordinal assumption are presented here.

The same’ stimulus values appear to be appropriate for the
schizophrenic and control groups. Prior to computing a common
solution for each stimulus set, separate solutions per set were
undertaken for each group. Intercorrelations among groups of
stimulus values for each dimension were substantial, ranging from
an average of .82 for the affect descriptors to .99 for the schematic
faces. It can be shown that if systematic usage among the controls
exceeds that of the schizophrenia subgroups, correlations should
be (significantly) higher when computed between schizophrenia
subgroups and controls than when computed between schizophre-
nia subgroups themselves (e.g., Traub, 1994). Correlations be-
tween the schizophrenic subgroups in each instance were at least
as high as those between these subgroups and controls. Therefore,
the present dimensions, although initially identified among people
without schizophrenia, were no less active in the judgments of the
schizophrenia subgroups than they were among the controls.

Proportions of variance in judgments (scalar-product trans-
formed) accounted for by the adopted common solutions were .43,
40, and .48 for personality descriptors, affect descriptors, and
schematic faces, respectively. The first two values were similar to
those obtained from earlier solutions (Neufeld, 1976). These val-
ues are not unlike ones found elsewhere in the literature with data
sets of similar size (e.g., Houfek, 1992). Note that the aforemen-
tioned values are also the averaged sums of the salience weights
squared. As would be expected if the model assumptions of com-
mon stimulus values and schizophrenia-specific processing defi-
cits are correct, the observed proportions of variance accounted for
in the combined sample for each of the three sets of stimuli were
less than those for the control group but greater than those for the
schizophrenic subgroups.

Stimulus values for the personality and affect descriptors con-
formed to those of previous studies (detailed in Carter & Neufeld,
1996); those for the schematic faces are presented in Figure 2.
Labels of the verbal item dimensions were assigned according to
the obtained patterns of stimulus projections and their alignment
with those of the earlier analyses using these stimuli. Table 6
presents the means and standard deviations of the dimension-
salience weights w, for each group and set of items.® Prior to
aggregating for each dimension across participants within groups,
Kolmogorov-Smirnov tests for the tenability of a homogeneous
normally distributed set of observations were applied. All tests
were nonsignificant, with p values ranging trom .382 to .998, and
a mean of .651.7

> Alternatively, this finding is consistent with the competitor class of
models involving global matching processes {e.g., Murdock, 1997).

6 Consideration was given to the use of “flatted weights,” whereby a
three-dimensional solution, for example, may be “collapsed” onto a two-
dimensional space. However, preference was given to the current solution
format, for purposes of model testing and in deference to the earlier
solution formats using the present stimuli.

7 Pursuant to collapsing of data in the present instance, Chechile (1987)
has forwarded certain observations with respect to the modified Weibull
distribution (see Appendix A). Parameter estimates of 8 and v based on
mean trace-survival observations are interchangeable with the means of
parameter values estimated from individual data protocols. Although
Chechile’s demonstration uses closed-form formulae for parameter esti-
mates (unworkable here), it nevertheless applies in the present case, to the
degree that the closed-form formulae are approached by LR-maximizing
estimates (presented in Appendix C).
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Figure 2. Projections of schematic faces on dimensions of pleasure and
arousal.

In summary, the multidimensional scaling analysis provided the
essential information regarding the content of multidimensional
Jjudgments in the form of dimension weights. Because the same
stimulus values evidently are appropriate for all three groups, the
critical differences in the content of judgments tenably are repre-
sented by the dimension weights. As predicted, the weights tend to
be lower for the schizophrenia groups than for the control group,
F(2,57) = 7.764, p < 0.01.

Model Testing

The primary results from this section pertain to model fit-and-
test procedures. Parameter values providing the closest fit between
the model-predicted and observed MDS salience weights were

Table 6

estimated and implemented in model predictions. The candidate
survivor functions implanted in the process model of salience
weights included those of the Weibull, gamma, and exponential
distributions, as well as their modified counterparts (all delineated
in Appendix A). A brief explanation of relevant notation precedes
selection of the most parsimonious model of close fit. The selected
model is subjected to several complementary validity tests. Fi-
nally, one of the functions having notable precedent in memory-
trace-survival research, and possessing certain merits with respect
to the present data, is given additional scrutiny. Preliminary power
calculations (Cohen, 1988, chap. 7; and related computations)
indicated power for discriminating among the competing model
versions was in the neighborhood of 0.80. Conditions for the
validity of model testing were confirmed according to specifica-
tions laid out in several reviews on this topic (e.g., Garcia Pérez,
1994).

Notation. In the following analyses, predicted dimension sa-
lience weights are denoted w,,. This term refers to the mean
INDSCAL-computed value of the second least salient dimension
for stimulus set x, and diagnostic group y; x, y = 1, 2, 3. Therefore,
where only two dimensions are involved (personality descriptors
and schematic faces), w, represents the judgment-related salience
of the intrinsically most salient dimension, and where three dimen-
sions are involved (affect descriptors), w,, represents the
judgment-related salience of the intrinsically second most salient
dimension, in each case for diagnostic group y.

The model representation of w,, consists of m Fi (¢'),,> Where m,
is the intrinsic nondegraded salience of the second least salient
dimension of stimulus set x, and I—'“(t’)xy is the probability of
survival of the memory trace of the encoded differences in stim-
ulus values on that dimension. The variable ¢’ in this expression
indicates the train of cognitive-encoding subprocesses remaining
for the least salient dimension, following completion of the second
least salient dimension. As developed in Appendix B, ¢’ is con-
sidered to be linearly related to the total encoding latency ¢ of the
least salient dimension. To economize on notation, mean observed
unidimensional latencies, below, simply are denoted ¢ (adjusted for
estimated response-movement time of 160 ms).

Model-fit criterion and parameter estimation. Parameter esti-
mation and tests of model fit were carried out by maximizing the
likelihood ratio (Equation C4) and appropriating the associated x7,

Mean Dimension Weights (and Interparticipant Standard Deviations in Parentheses) by

Diagnosis for Each Stimulus Set

Group
% total judgment
Paranoid Nonparanoid variance
Dimension schizophrenic schizophrenic Control accounted for
Faces
Pleasure 0.48 (0.21) 0.51 (0.21) 0.62 (0.21) 48
Arousal 0.34 (0.12) 0.35(0.14) 0.41 (0.12)
Personality words
Weak—strong 0.44 (0.11) 0.44 (0.20) 0.54 (0.12) 43
Excitability 0.39 (0.09) 0.36 (0.16) 0.48 (0.08)
Affective words
Pleasant—unpleasant 0.38 (0.15) 0.38 (0.15) 0.51 (0.12) .40
Level of activation 0.29 (0.10) 0.28 (0.10) 0.36 (0.07)
Aggregation—activation 0.27 (0.08) 0.27 (0.09) 0.33 (0.06)
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as described in Appendix C. Model evaluation proceeded along
two paths, each incorporating model nesting-nested relations (see,
e.g., Bamber & van Santen, 1985). Fixing certain parameters of the
Weibull distribution, or the gamma distribution, produces the
exponential distribution (Appendix A). Exponential (or modified
exponential) survivor functions, therefore, were tested against the
modified Weibull or gamma models in which they were nested. In
addition, within each of these model structures, nested models,
with the m,_ set equal to 1.0, were tested against their nesting
counterparts, where the m, were treated as free parameters. Tests
of nested models indicate if the additional parameter estimation
associated with the nesting model significantly improves model
prediction.

Beginning with a fully constrained model, all parameters were
set equal to 1.0. These parameters included 8, v, B, and m, for the

" “modified Weibull distribution,” and 8, v, k, and m, for the
“modified gamma distribution.” Fixing the parameters in this way
resulted in I_T(t)xy of a “reduced exponential distribution.” This
model is nested in all other models, including the usual exponential
distribution where v is allowed to vary. Every model with one or
more free parameters produced a significantly superior fit to that
based on the reduced exponential distribution.

Where B or k was released as a free parameter of the Weibull or
gamma distribution, respectively, in only one instance was the
model fit significantly improved. Specifically, in the case of the
gamma distribution, allowing both & and & to vary produced a
superior fit relative to a model allowing only 6 to vary,
xX(8) = 22.38, p = 0.004, versus (7)) = 1476, p = 0.040,
change in x*(1) = 7.62, p = 0.006. In this instance, k took on a
value of 3, and & was 0.63. The test on goodness of fit, however,
remained significant (i.e., variance of observed data residual to that
predicted by the model exceeded what could tenably be ascribed to
sampling error). In other instances, where 3 or k£ was free to vary,
best fits inevitably converged on its floor value of 1.0. Focus,
consequently, falls on results obtained for the exponential and
modified exponential distributions.

Significant improvement in fit occurred when v was allowed to
vary, in addition to &, x*(8) = 22.38, p = 0.004, versus
X7 = 1211, p = 0.10, change in x*(1) = 10.27, p = 0.001.
Also, the introduction of the m, as free parameters improved model
fit over that where & alone was allowed to vary, x*(8) = 22.38,
p = 0.004, versus x*(5) = 3.45, p = 0.631, change in
X°(3) = 18.93, p = 0.003. Similar changes attended the addition of
m, to v, even though the test on model fit with v alone as a free
parameter was not significant, ¥*(8) = 12.11, p = 0.15, versus
X2(5) = 0.95,% p = 0.97, change in ¥*(3) = 11.17, p = 0.01. The
addition of & as a free parameter in this model left the computed x>
essentially unaltered.

The improvement in fit accompanying the inclusion of m, as
free parameters was examined in light of Akaike’s (1974) Infor-
mation Criterion (AIC; see Appendix C). The obtained values
clearly favored the model including m, as free parameters,
AIC = 8.9462 versus 14.1145, the lower value indicating model
superiority (see, e.g., Bozdogan, in press).

On balance, results supported the exponential distribution, ac-
companied by m, as free parameters, as the best-fitting model.
Parameter estimates were as follows: 0.12 for v, 0.97 for m,, 1.05
for m,, and 0.68 for m;, where subscripts 1, 2, and 3 refer to the
second least salient dimension of the schematic faces, personality
descriptors, and the affect descriptors, respectively. These param-

eter values appeared reasonable; for example, the value for m,
of 0.68 is plausible, considering that this intrinsic salience is
identified with the second most salient rather than the most salient
dimension of similarity among the affect descriptors.”

Figure 3 presents the probability of trace survival for the second
least salient dimension of each of the three stimulus sets and each
group, estimated as w,/m,, plotted against the corresponding
estimated latency for encoding a stimulus set’s least salient dimen-
sion, . Also appearing as the solid line in the figure is the survivor
function of the best-fitting model, described above, specifically
exp(—0.120), from which the respective model-predicted probabil-
ities of trace survival, F(f),,, were obtained.'

In summary, the best-fitting function according to the maximum
likelihood criteria was the exponential. Additional parameters as-
sociated with the modified Weibull and modified gamma functions
failed to improve the fit. Parameters related to intrinsic saliences
did tend to improve the fit and, as predicted, were defensibly the
same across groups.

Additional validity tests. The validity of the exponential-
distribution survivor function for the current data was evaluated
using supplementary methods. First, the strength of association
between the model-predicted and observed values of the dimen-
sional salience weights was compared with that prescribed by a
simple linear relation between the relevant unidimensional encod-
ing latencies and salience weights. Second, cross-validations of
model predictions across participant subsamples were undertaken
(see, e.g., Browne, in press). Third, generalization tests were
included, whereby the model was tested against an alternate re-
sponse parameter (Busmeyer & Wang, in press); in the present
instance, encoding latencies as well as dimensional salience
weights were subjected to prediction. Fourth, the assignment of
model parameters to experimental factors was interchanged from
the initial model-specified assignment; in particular, intrinsic di-
mensional salience m, was required to vary across participant
groups rather than stimulus sets. Fifth, correspondence of results
from observations aggregated across participants to those from
desegregated data was examined. Finally, certain qualitative pre-
dictions comprising more pronounced group separation on more
intrinsically salient similarity dimensions were considered.

The proposed model accounted for more of the variance in
response content than was accounted for by the response latencies
alone. The value of 7 was computed between the observed values
of w,, and the model-predicted values, exp(—0.12t,,)m,, (Cobb,

8 The value of x* of 0.95 associated with the best-fitting model was
considerably less than the expected value of x?, or 5.0 (i.e., the mean of the
x2 distribution, with 5 degrees of freedom). However, the density function
(“height of the curve™) of the x> distribution f{x7-s;) corresponding to the
obtained x* was reasonable, being 0.077, that of the expected value
being 0.122, and the maximum value, corresponding to the mode, be-
ing 0.154. )

® Auxilliary analyses were carried out, applying the fit-and-test proce-
dures to the verbal stimuli only. Findings essentially duplicated those using
all stimulus sets simultaneously.

!9 Evaluation of goodness of fit was undertaken using an alternative to
the above x* tests. This alternative, detailed in Neufeld and McCarty
(1994), is based on an analysis of variance format. Results from these tests
were in accordance with those of the x* tests, including obtained improve-
ment in fit upon casting m, as free parameters and nonsignificant differ-
ences between the best-fitting model and the observed data.



644 CARTER AND NEUFELD

1 ------- -
\\\~
AN Modified Weibuil
' Survivor Function

? 0.8
s
£
£
=
7]
8
E o \
E Exponential Survivor
] Function
o
E
a
G
[-]
=
= 04
=
[-]
-]
£
T
t 4
g .
2

0.24

0 2 4 6 8 10

Latency for Encoding Least-Salient Dimension

Figure 3. Observed probability of trace survival for the second least salient dimension for each stimulns set and
group, and model-generated survivor functions, exp(—0.12#), solid line, and 1 — 0.606 + 0.606
exp(—(0.1941)>%7), dotted line, plotted against unidimensional judgment latencies, r. Groups are denoted by
uppercase letters: paranoid (P), nonparanoid (N) schizophrenic patients, and controls (C). Lowercase subscripts
indicate personality descriptors (p), affect descriptors {a), and faces (no subscript).

1981). The obtained value was 0.925. In contrast, that obtained
between w,, and the raw latencies was 0.682.

For purposes of cross-validation, each sample of 20 participants
was randomly divided into two subsamples of 10 each. This
division was repeated three times, allowing for three rounds of
cross-validation. In each case, parameter values were estimated
separately for each subsample. Correspondence between predicted
and observed values, quantified as 7%, was calculated using the
model predictions from one subsample and observed values from
the other. Each subsample of each pair provided both predictions
and observations, making for a total of six cross-validation
estimates.

It was noted prior to cross-validation that the best-fitting model
allowed predictions of unidimensional encoding latencies, as well
as dimension salience weights. The model predicts that the uni-
dimensional encoding latency for the second least-salient dimen-
sion of stimulus set x among group y, t,, will be [in(m,) —
In(w, }/v. Thus, both w,, and t,, were subjected to prediction,
making for generalization testing in addition to cross-validation.
For purposes of contrast, > was computed between the raw values
of ¢, of one subsample and w,, of its counterpart.

The mean value of r*, where w,, values were predicted,
was 0.36, while that where ¢, was predicted was 0.40. This
reduction from the r* for the intact sample appears attributable in
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part to attrition of data stability accompanying diminished sample
size. To illustrate, the mean r* where w,, was predicted using
parameter estimates within the same subsample was 0.45. Finally,
the mean value of * between w,, and raw values of ., was 0.07.

In the models discussed above, the intrinsic dimensional salien-
ces, m,, were held constant among groups but were allowed to vary
across stimulus sets. This pattern of variation assumes that intrinsic
salience is equal across groups. An alternate possibility comprised
variation in m, across groups but constancy across stimulus sets.
These conditions were introduced and the competing model was
subjected to estimation-and-test procedures. An acceptable fit was
not attainable, apart from bizarre parameter values, such as v and
m,. both tending to infinity.

The generality of findings from the aggregated data was exam-
ined with respect to the individual participant level of analysis. The
resulting release of measurement error—essentially, a Gaussian-
noise source not incorporated into the present model construction
(cf. Smith, 1995)—prevented acceptable goodness-of-fit values.
On the other hand, findings resembled those of the aggregated data
in other important ways. Specifically, sources of elevation in fit
were similar. For example, releasing the m, as free parameters, in
addition to v, led to statistically significant improvements. Al-
though the extreme of disaggregation—a trial-by-trial analysis of
judgments—would be ideal, it would require substantial develop-
ment of the current model to accommodate the resulting noise (see,
e.g., Carter, Neufeld, & Benn, 1998).

In the formulation presented here, unidimensional encoding of
schizophrenia patients is characterized by a larger number of
subprocesses relative to that of controls. It may be conjectured,
therefore, that the intrinsic salience of a similarity dimension m,,
would stand to be eroded to a greater degree where it tends to be
followed by the encoding of two other dimensions, rather than only
one. Presumably, a pair of subsequently encoded dimensions po-
tentially embody more retroactive interference than does a single-
ton. The effects of increased interference, in turn, should include a
more pronounced reduction in w,, of a dimension followed by
encoding of two rather than one other dimension.

The affect descriptors rendered a dimensional triad, thus afford-
ing such a test. Separation on w,, should be more evident for the
intrinsically most salient dimension than for the intrinsically sec-
ond most salient dimension; the former is considered to be fol-
lowed by completion of dimensions second and third in the order
of intrinsic salience, whereas the latter generally is considered to
be followed by completion of the least salient dimension. From an
analysis of variance perspective, a test of the groups (three levels)
by dimensions (two levels—most vs. second most salient) inter-
action on the w,, values should be significant. Accordingly, along
with significant main effects, the result for the interaction was
significant, F(2, 57) = 3.17, p < 0.05, reflecting an attenuated loss
of salience among the schizophrenia participants of the second
versus first dimension.

In line with this result, the second-order ratio comprising [w, ./
wy Mw, /w,,] should exceed 1.0, as follows. In this formula, w,,
denotes the mean salience weight for the first or second most
intrinsically salient dimension for control or schizophrenia partic-
ipants, x = 1, 2; ¥y = ¢, s. According to the preceding reasoning,
the survival probability of Dimension 1 relative to Dimension 2 for
the schizophrenia participants should be less than that for the
controls. The second-order ratio highlights such differences in
comparative degredation because, by the model, it is equal to

{m F(0), Vim,F @), VA Im, F O, VimF (1)) = (F0, /@)
{F@,,[F@)y) = (F), /@) M F(0),0/F(1),,). This value ex-
ceeded 1.0 in each instance, being 1.04 in the case of controls and
nonparanoid schizophrenia participants and 1.08 in the case of
controls and paranoid schizophrenia participants.

Further evaluation of the Weibull function. As an additional
check on model variation, closer examination was given to viabil-
ity of the modified Weibull structure because of its demonstrated
validity in memory-trace research proper (Chechile, 1987). Certain
aspects of the present model-fitting criteria may have circum-
vented favorable features of this structure. Pursuant to this possi-
bility, hypothetical survivor functions of the modified Weibull
distribution (see Figure Al in Appendix A) visually were super-
imposed onto the plot displayed in Figure 3. These distribution
trajectories more closely approximated the displayed points than
did those of the selected exponential model. They performed better
especially for values of w,,/m, of the face stimuli, such as that
computed for the controls (denoted C in Figure 3). The value of N,
for the face stimuli was less than its value for the verbal descrip-
tors, potentially moderating adverse effects on model fit of judg-
ments surrounding the former stimuli. This possibility is especially
apparent in the Pearsonian format of ¥, Equation C5 of Appendix
C, whose results essentially duplicate those of the likelihood-ratio
format used above (see Appendix C).

It was decided, therefore, to fit F(r) of the modified Weibull
distribution to the values of w,_/m, using the method of least
squares. Thus, the sum of squared deviations of model predictions
from observed values was minimized. This alternate “cost func-
tion” bypassed variation in N,. For calculations to proceed, it was
necessary to import the existing values of m, (enumerated above).
Allowing the m, to be free parameters, instead, produced artifi-
cially low sums of squares, with unreasonably high parameter
estimates. Free parameters, therefore, were restricted to v, 8, and
k, only. Also, whereas B8 in the above analyses was an integer, as
was k of the gamma distribution, in the present analysis it was
allowed to vary continuously, thereby potentially improving model
fit (cf. Chechile, 1987).

Comparisons to the selected exponential model gave mixed
results. The best-fitting modified Weibull model was one where v
was equal to 0.194, & was 0.606, and 8 was 3.607. Confirming
visual impression, its sum of squared deviations was approxi-
mately one fourth that of the exponential contender. This function
is displayed as the dotted line in Figure 3. Using predictions
obtained from the function, y* was recomputed and found to
be 0.50."' The associated p value exceeded .90, whether 6 or 3
degrees of freedom were used.

The value of r* for this model was 0.946, as compared
with 0.925 for the selected exponential model. Viewing m_ as free
parameters for both models, AIC was 8.94 for the selected expo-
nential model and 12.5 for the modified Weibull model. Excluding
the m, as free parameters, the value for the modified Weibull
becomes 9.5.

"' Regarding density-function values for x%, f(x%y—a;) corresponding
to 0.50 was remarkably similar to the maximum (modal) value of
f(Afdf=3]), the amounts being 0.220 and 0.242, respectively. The value of
S(Xfar—=3) for the observed x* exceeded that of the expected xgy-s, of 3.0,
which was 0.1542.
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Overall, the modified Weibull distribution provided a plausible
model for the present observations. Its merits included approxi-
mation of certain values of w,/m, that had departed from predic-
tions of the selected exponential model. On the other hand, based
on comparative values of x%, r*, and AIC, the selected exponential
model evidently was more parsimonious.

Discussion

Results of this investigation support a mode! integrating sub-
stance of multidimensional stimulus judgments with speed of
unidimensional encoding. Substance, in this case, pertains to the
consistency with which multidimensional judgments are governed
by systematic stimulus properties. A lengthened process of dimen-
sional encoding taking place later in the judgment trial appears to
elevate the risk of losing dimensional information acquired earlier
in the trial. Increased stages of encoding among schizophrenic
individuals are deemed to compromise the influence on judgments
of earlier encoded dimensions. The formal account incorporates
models of multidimensional judgments, stimulus encoding, and
memory-trace dynamics, and implements documented findings of
performance deviations in schizophrenia.

Candidate Trace-Survivor Functions

The trace-survivor function supported by standard tests of fit
was that of the exponential distribution. This function is simpler
than one shown to express trace-survival dynamics in bona fide
memory research (Chechile, 1987). According to the exponential
distribution, an enduring memory trace’s vulnerability to imminent
fajlure remains constant while subsequent cognitive events unfold
(Appendix A).

The function appropriated from memory-research findings
(Chechile, 1987) was that of the modified Weibull distribution.
The trajectory of this distribution’s survivor function conformed to
predicted values in certain unique respects. Its proximity to data
points exceeded that of the function described above, according to
the sum-of-squared-deviations criterion. Thus, the dynamics of
trace survival pertaining to memory-paradigm items {e.g., conso-
nant trigrams) may also characterize those of encoded dimensional
properties.

At present, both the above survivor functions appear viable, on
different grounds. Such status of alternate models is not out of the
ordinary in formal model testing; it illustrates an advantage of
formal methods—that of highlighting existing boundaries on cer-
tainty and the possible need for future diagnostics (cf. McFall,
Treat, & Viken, 1997). In any case, although the specifics of the
two survivor functions technically render them mutually exclusive,
plausibility of the broader mode! relating judgment content to
encoding speed does not strictly depend on the presence of one or
the other. Note that the purpose of the present work was not so
much to differentiate among particular survivor functions as to
establish the viability of the overall integrative model amidst one
or more trace-survival characterizations.

Returning to the functions themselves, the modified Weibull
distribution prescribes an initial increase followed by a gradual
decrease in the susceptibility to impending failure of a persevering
trace, and the survivor function asymptotes at some value greater
than zero. This function would suggest that no rehearsal occurs to
maintain the trace but that some traces are invulnerable to failure.

In contrast, the exponential function prescribes a constant risk of
failure and the survivor function asymptotes at zero. It would
imply some form of rehearsal to maintain the memory trace, but
nevertheless all traces fail with sufficient passage of time. Finally,
the results of this investigation did not affirm the gamma survivor
function, which would have suggested not only the presence of
rehearsal but also that any given trace might be retrieved in spite
of partial failure of its “storage subprocesses” (Appendix A).

Model-Parameter Assignment and Estimation

We now consider the broader model transcending specific sur-
vivor functions. Certain parameter values were allotted to all three
participant groups in common. One such value was that of the

" intrinsic dimension salience, m,. In contrast to constraining the

same value of m, to groups and allowing this parameter to vary
across stimulus sets, the opposite combination of constancy across
sets and variation over groups led to untenable results.

Comparability of dimension salience m, evidently was matched
by comparability of dimension-encoding rates u,. Release of u,
to vary across groups did not increase model fit to the uni-
dimensional-judgment data. As well, constraining the same values
of u, to groups in the modeling of multidimensional judgments did
not unseat adequacy of model fit to response latencies. The des-
ignation of equal encoding rates amidst increased encoding sub-
processes is compatible with previous extensive analyses ad-
dressed to these parameters (Neufeld & Williamson, 1996).

Turning attention to the parameter reflecting rate of trace loss, v,
assignment of differential values across groups again was not
required for acceptable model fit. The amount of encoding stages
remaining for an uncompleted dimension was considered to be
larger for the schizophrenic participants than controls. The result-
ing increased risk of trace loss, however, apparently was not
abetted by greater susceptibility to interference. Similar findings of
trace integrity have been obtained from other formal models of
schizophrenia memory (Bamber, 1979; see below). On the face of
it, this observation seems at variance with certain previous findings
on comparative susceptibility to interference and forgetting (Broga
& Neufeld, 1981b). Significantly poorer retrieval was observed
among paranoid schizophrenic subgroups on the Peterson—
Peterson (1959) consonant trigram paradigm. On closer examina-
tion, however, those findings appear to mesh with the present
observations, as follows.

In the Peterson—Peterson paradigm, a series of consonant tri-
grams were studied for a limited time period (2 s each), with
retrieval tests following an intervening distracter task— counting
backward by 3s. Extended encoding stages should detract from the
amount of rehearsal available to individual trigrams under time
constraints. Diminished rehearsal iterations, in turn, should com-
promise the integrity of resulting item traces. Similar inferences
have been drawn from reduced performance on spatial-memory
tasks, where to-be-remembered item locations have been presented
for fixed time periods (Neufeld, Mather, Merskey, & Russell,
1995).

Of particular relevance to the aforementioned possibilities is the
study by Bamber (1979), in which memory-trace states among
schizophrenic patients and controls were formally modeled, aided
by conventional memory tasks. Bamber’s modeling indicated that
trace properties per se were intact among the schizophrenic pa-
tients, but that initial input was impaired. The latter function
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involved reading and representation of common words whose
presentation was limited to 4 s apiece. As noted above, a prolonged
encoding process would stand to diminish the effectiveness with
which presented items were implemented. Performance on other
short-term memory tasks has indicated adverse effects of pro-
longed encoding on initial item preparation, again when temporal
restrictions attended the encoding process (discussed in Highgate
& Neufeld, 1986).

Model Structure

Consistent with the perspective that psychopathology is the
result of a dysfunction in normal mental processes (Masten &
Braswell, 1991), the present investigation found that the same
model could account for judgment latency and content among
schizophrenic and control groups. In particular, important aspects
of the model, such as the intrinsic salience of constituent dimen-
sions as well as encoding and trace-loss rates, tenably were com-
mon to all groups.

The model structures applied to the predicted data were constant
across the diagnostic groups. In the case of multidimensional
encoding, for example, there was no evidence that serial process-
ing of constituent dimensions predominated among the schizo-
phrenic participants, while parallel processing to a greater extent
characterized controls. A constancy of processing structures is in
keeping with previous findings where informal and quasiformal
models of performance have been used to study schizophrenia
information processing (Neufeld & Broga, 1981). It is accordant,
as well, with findings using formal mathematical modeis designed
expressly to detect the differential presence of parallel versus serial
processing (Vollick & Neufeld, 1999).

Model structures depicting the progression of trace loss
(stochastic-distribution survivor functions) also parsimoniously
were common across diagnostic status. Bamber (1979) modeled
trace states across retention periods, using other formal methods.
He too found that similar structures sufficed to express trace
maintenance among his schizophrenic and control samples.

Furthermore, for the functions retained here, their conformity to
empirical observations was substantial. The values of r* were
solidly in the range of those reported from settings investigating
formal models of normal cognitive psychology; conversely, the
values of #* for the competing linear relation between latency and
dimension-salience values were less than those obtained for com-
peting models in those settings (e.g., Smith, 1995).

The restriction of acceptable fit specifically to the present the-
oretically grounded survivor functions bears on the possibility that
results are attributable simply to “generalized deficit” among the
schizophrenia participants. If relations between encoding-latency
and response-content data were merely an expression of general-
ized deficit, a linear relation of w,,, to z_, might well have sufficed.
This is not to say that it is impossible for generalized deficit to
have been the agent of the obtained results. However, its expres-
sion precisely as the present quantitatively exquisite functions (or
even some approximation thereof) would have been fortuitous at
best (see Knight & Silverstein, 1999). These observations thus
underscore an additional advantage of formal models: They afford
what amounts to Popperian bold conjectures (see, e.g., Meehl,
1978). At the same time, their boldness is founded on solid
axiomatic derivations (see McFall & Townsend, 1998).

The present model structures can be examined for possibilities
of disconfirmation regarding relations between encoding latency
and judgment content. Potentially useful models in principal
should permit such options. Specifically, the current formulations
indicate zones where latency differences are not met with differ-
ences in judgment content. Such zones are those where the survi-
vor functions reach asymptote. They include, in the present cases,
values of ¢ beyond 45 for the exponential distribution and values
beyond 8.0 for the modified Weibull distribution (depicted in
Figure 3).

Qualifications

Emphasis in the present analysis has been placed on effects
of retroactive interference with continuation of extant encoding
traces by residual encoding activity. In line with this emphasis,
conventional analysis indicated that group separation on
multidimensional-scaling salience values w,, was attenuated with
diminished intrinsic dimensional salience. Also, in the modeling of
multidimensional encoding, releasing constraints to allow the less
intrinsically salient dimension to be completed first did not signif-
icantly improve model fit. On the other hand, group differences in
W,, on the least salient dimensions were not notably absent (see
Table 6). Regarding this observation, note that dimensions en-
coded earlier in the sequence of completions may impinge on the
products of subsequent completions (proactive interference), espe-
cially during response-deployment phases (Gardiner, Craik, &
Birtwhistle, 1972). Proliferation of encoding stages should accen-
tuate adverse effects of prior encoding operations on the judgmen-
tal influence of later completions. Further, proliferation of encod-
ing stages potentially makes for greater “noise in the processing
system,” detracting from the systematic use of encoding traces,
including those tending to be last in the order of production
(Neufeld & Broga, 1981). Such possibilities do not discredit the
present emphasis on retroactive interference; they do, nevertheless,
point out that the model as formulated does not incorporate such
possible effects.'?> An extended model may provide for such ad-
ditional influences and implicate more observations; comprehen-
siveness would be attained, nevertheless, amidst increased
complexity.

The presented model was developed with reference to a delim-
ited set of observations involving multidimensional similarity
judgments and stimulus-encoding times among designated diag-
nostic groups. Reference to existing cognitive-process models
helps to outline additional inferential boundaries of the current
formulation (e.g., Ashby, 1992). Certain accounts have addressed
probabilities of “same—different” stimulus judgments and judg-
ment reaction time as a function of interstimulus multidimensional
distance (Takane & Sergent, 1983). Nosofsky (e.g., 1991), focus-
ing on stimulus categorization, provided for effects of attention-
eliciting properties of constituent stimulus dimensions and changes
in such properties over categorization trials. Individuals may mod-

'2 Such influences potentially undermine the protuberance of schizo-
phrenia’s putatively enhanced retroactive interference with earlier encoded
dimensions. Nevertheless, a more pronounced schizophrenia-related deg-
radation surrounding these dimensions prevailed overall. Of the 10 perti-
nent second-order ratios (described above) computable from data presented
in Table 5, 8 exceeded the critical value of 1.0, ranging from 1.02 to 1.10,
there being one “tie,” binomial p ~ .022, x?,, = 4.9, p < .027.
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ify their allocation of attentional resources as trials progress
(Nosofsky, 1992). In the present formulation, intrinsic salience m,
was deemed to be constant across similarity-judgment trials. This
simplification appeared acceptable for the present modeling pur-
poses. However, its adequacy in the current case does not contra-
indicate the presence of dynamic features, whereby the present m,
would be a summary index of fluctuating attention-eliciting prop-
erties. Other variables, such as values of 7 and response movement
time, also undoubtedly waver in ways not specified by the present
formulation, but their less complex treatments suffice for the
current purposes of parsimony.

Additional considerations surround the viability of constraints
imposed by the present multidimensional scaling algorithm desig-
nating a common stimulus-dimensional space for all participants.
It is possible, for example, that schizophrenic participants attended
to additional dimensions. Nevertheless, the designated dimensions
and their salience properties were duly present in the semantic
networks of the schizophrenia participants. This presence was
evidenced in the configurations of stimulus projections from the
individual-groups solutions as well the untenability of a model
structure depicting unequal intrinsic salience across groups. Al-
though sharing a dimensional subspace, nonetheless, schizophre-
nia participants may have attended to idiosyncratic dimensions. A
detailed assessment of findings from multidimensional scaling
analyses and analyses of mnemonic organization is compatible
with this possibility (Neufeld, 1984). Observe, however, that the
influence of extraneous dimensions runs counter to the obtained
conformity of observations to model predictions. In other words,
the present model fits the obtained data well enough to override
such possible detraction.

Other aspects of potential group inequalities not directly as-
sessed in the present analysis comprise response decision-and-
execution processes. These processes were evaluated in the model-
fit-and-test procedures applied to the encoding latencies. However,
the time required for these particular mechanisms defensibly was
regarded as being common to the groups (see Tables 3, 4, and 5).
This assumption was based on convergent evidence from several
experimental paradigms implicating response processes (enumer-
ated in Neufeld et al., 1993).

Future Directions

The present investigation has demonstrated that schizophrenic
deficits in response content on a complex task—in this case,
overall similarity judgments—may be accounted for by delays in
response latency on a simpler task—in this case, unidimensional
judgments. The gamma survivor function (which implies rehearsal
and retrieval after partial trace failure) was not supported as a
candidate to describe this relationship. Further investigation, how-
ever, is necessary to distinguish between the exponential survivor
function (which implies rehearsal and ultimate failure of all traces)
and the modified Weibull (which implies no rehearsal, but allows
for invulnerable traces). As in previous research (Neufeld et al.,
1993), increased latency was attributed to increased number of
encoding subprocesses among people suffering from schizophre-
nia. A parallel structure seemed to describe this encoding process
best, but factorial technology (e.g., Townsend & Nozawa, 1995)
could be deployed in future investigations of model structure.
Accurate encoding of individual dimensions enhanced perfor-
mance on this task, but further study of tasks where such traces

may detract from performance (e.g., judgments of less salient
dimensions) would be appropriate.

Possible neuroanatomical correlates of reduced encoding effi-
ciency come to the fore, as follows. It has been suggested that this
deficit is identified with frontal-lobe regions, essentially because
of the putative role of stimulus encoding in certain tests of frontal
integrity, involving multidimensional stimuli (Neufeld & William-
son, 1996). Included are the Wisconsin Card Sorting and related
tests. Such suggestions are highly inferential and indirect. A more
substantial strategy would consist of monitoring brain activation
during cognitive performance and using activation measures hav-
ing the temporal and spatial resolution necessary to track formally
estimated cognitive events. The availability of high-field-strength
(4.0-Tesla) functional magnetic resonance imaging, and approval
of its use with human participants, increases the viability of this
option (currently under way in this setting).

Meanwhile, compatible with neuropsychological measures im-
plicating frontal regions {discussed above) are those of magnetic
resonance spectroscopy. Studies using such analyses have indi-
cated decreased glutamatergic activity in the medial prefrontal
region among never-treated schizophrenic patients (Bartha et al.,
1997), as well as abnormality in prefrontal-region membrane me-
tabolism among more chronic patients (Potwarka et al., 1999).
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Appendix A

Candidate Stochastic Trace Survivor Functions

The probabilistic dynamics of trace failure may be characterized by
survivor functions of certain stochastic distributions. Included here are the
modified Weibull distribution (Chechile, 1987) and the gamma and expo-
nential distributions (see, e.g., Neufeld, 1998). The modified Weibull
distribution effectively has been shownto portray the dynamic properties
of the survival of stored memory traces, at least for items comprising
consonant trigrams (Chechile, 1987). Gamma and exponential distributions
can somewhat resemble the modified Weibull distribution in the contours
of their respective survivor functions (see below).

In the following descriptions, reference is made to the density function,
distribution function, and the above-mentioned survivor function of the
respective distributions. Briefly, the density function is proportional to the
relative frequency of a process ending at time 7 (e.g., relative frequency of
trace loss). The distribution function corresponds to the probability of
process finalization at or before £, 0 < 1, and the survivor function indicates
the probability of process noncompletion by time ¢. Another distribution
property, the hazard function, is described below, following presentation of
its components, the density function and survivor function.

Modified Weibull Distribution
The Weibull distribution has as its density function, f(z),

Bu(vt)? ! exp(—(vD)?),

where v is the rate of trace failure, 0 < v; S is the shape factor, 0 < §3,
affecting the mode of the Weibull distribution and indicating the rate of
increase in its hazard function; and 7 denotes time.

0.6T

0.4

0.21

The survivor function of the Weibull distribution, F(f), is
1
1- f F(oydt = exp [—(v))P].
0

A modification to the Weibull distribution entails provision for the
possibility of invulnerable status of a stored trace. The probability of trace
failure at + =  is potentially less than 1.0. Thus, the modified density
function becomes 8f(¢), 8 indicating the probability of trace failure at ¢t =
o0; 0 < 8§ = 1.0. Accordingly,

f ) 8f(H)dr = 8.
0

In the instance of the Weibull distribution,
8f(2) = 8Bu(vn)*™" exp[—(u)?],

and the survivor function, F(7), or | — 8F(z), becomes

1— 8{1 — exp[—(vt)?]} = 1 — & + Sexp(—(vn)P) (see Figure Al).

Where B = 1, the Weibull and modified Weibull distributions reduce to
the exponential and modified exponential distributions, below.

Gamma
The density function for the gamma distribution is

(.Ut)k—l
e v k=12,

Figure Al

Survivor functions of the modified Weibull, gamma, and exponential distributions: for modified

Weibull, 8 = 2, v = 0.5, 8§ = 0.9; for gamma, k = 2, v = 0.9; and for exponential, v = 0.4. Note that the
modified gamma and exponential distributions resemble their unmodified counterparts, except they assymptote

at 1 — & rather than 0, where & < 1.0.
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the distribution function, F(s) is

= (v
1- Z TCXP (=),
=0

and the survivor function is

k-1

E (;/!t)} exp (—vr).

i=0

The modified distribution function is

k-1 j

8l 1- E (;:) exp (—vp) |,

j=0

and the modified survivor function becomes

<« (ur)
1—8+82 j—!exp(—vt).

j=0
Where k = 1, the gamma and meodified gamma distribution reduce the
exponential and modified exponential distributions.
Exponential

As implied above, the exponential distribution’s density function is v
exp (—uvt) and its distribution function is

f,f(t)dt= 1 — exp{—ur).

o
The survivor function, therefore, is ¢~ ™, and the modified survivor func-
tion is
1—8+ 8™,

The gamma and exponential survivor functions can approximate the
trajectory of stochastic trace survival specified by the modified Weibull

distribution (see Figure A1). Thus, these additional distributions can be
tendered as possible characterizations of dynamic trace-survival properties.
Although the trajectories of the above survivor functions can be similar,
given appropriate parameter values, they nevertheless signify model dif-
ferences carrying theoretical import. The exponential distribution implies
rehearsal, or continuing upkeep of the memorial trace (cf. Chechile, 1987).
The trace is cast as being under siege, and eventually succumbs, but there
is no increase of momentary vulnerability of the trace with continuing
onslaught. Mathematically, this feature is indicated by a constant hazard
function, H(f) = f(1)/F()—that is, the conditional rate of trace failure at
time ¢, given survival at least up to #; specifically, the value of H(f) = vexp
(—ur)/[exp (—vf)] = v. In the case of the Weibull distribution, the hazard
function is

H(?) = vB(on)?7 !,

which monotonically increases if B exceeds 1.0 and decreases if 3 is less
than 1.0. Progressive vulnerability attends increase in H(#), and the oppo-
site.

The gamma distribution depicts a process made up of k stages, or
subprocesses. The latency for each subprocess (intercompletion time) is
exponential, with rate v; a trace can be retrieved if even one of the &
“storage subprocesses” remains, analogous to a spider’s web staying
suspended by one thread (cf. Chechile, 1987). As each intercompletion
time is exponentially distributed, each one’s hazard function, taken
separately, once more is constant. Hence, each hypothetical storage
subprocess maintains its same level of momentary vulnerability while it
continues.

Note that the hazard functions of the modified Weibull and modified
gamma distributions are nonmonotonic, where 8§ < 1.0, and 8, or k, >1.0;
they increase at the outset, plateau, and then gradually decrease. As with an
increasing hazard function, the shape of a nonmonotonic hazard function is
considered to indicate nonrehearsal, or an absence of memorial-trace
replenishment (Chechile, 1987). A rough analogy entails the purchase of a
new automobile. Production and other defects appear fairly soon after
purchase and the initial stress of sustained driving. Following such trauma,
performance gradually stabilizes.

Appendix B

Residual Subprocesses of an Uncompleted Dimension

In the case of serial processing of dimensions, encoding is considered to
take place sequentially; commencement of one dimension proceeds fol-
lowing completion of another. For the parallel case, processing is consid-
ered to commence on each dimension simultaneously but not to be com-
pleted simultaneously. Instead, completions are distributed stochastically
over time. In the serial case, the full complement of subprocesses for a
remaining dimension(s) simply transpire after the earlier dimension is
finished. More salient dimensions are deemed on average to be undertaken
before less salient ones, likelihoods of commencement thereby varying
accordingly (see, e.g., Townsend & Ashby, 1983, chap. 11).

For purposes of presenting the parallel case, the two encoding processes,
a and b, are considered to comprise the same number of subprocesses. It is
stated without proof that the equality is a simplifying, but not required,
condition for the inferences that follow.

The latency of an individual encoding process is represented by a
gamma distribution (see Appendix A). In the case of encoding, parameter
£ represents encoding stages or subprocesses, and parameter u is aligned

with encoding rate (speed of transacting the respective subprocesses;
Neufeld et al., 1993). Given two such processes proceeding in paraliel
(simultaneous gamma process), the probability of completing process a
first, Pr(a, b), is available from a variation on the Pascal distribution
(described in Carter, Neufeld, & Benn, 1998), as follows. Adapting equa-
tions from Appendix A of Townsend (1984),

k=1 X R
k+s—1 U, Uy
Pria b) = X, ( s )(ua+ub) (ua+u») - D
=0

and

k=1 x s
E k+s—1 Uy U,

Pr(b, a) - ( s >(“a + ub) (ua + ub) ’
=0
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where Pr(a, b) is the probability of completing process a first, Pr(b, a) is
the probability of completing process b first, u, is the encoding-rate
parameter for process a, and u, is the encoding-rate parameter for process
b. Note that “Poisson rate parameters” are deemed to be an increasing
function of stimulus or stimulus-feature intensity (see, e.g., Smith, 1994).
As process a is identified with the more salient dimension, therefore, u, is
considered to exceed u,. Hence, process a is more likely to be completed
first. The conditional expectations of residual subprocesses, given a first,
and given b first, are available as

= [k+s—1 w V[ w |
s a b
2_: s u, + uy U, + u, (k=)
E(kre.v'a, b) = Pr(a b) i
(B2)
and
“k+s—1 w V[ ow Y
§— b a
- s U, + Uy u, ¥ uy (k=)
E(k,,|b, a) = Prib. @)

As the structure of these equations is complex, computer computations

are necessary to examine variation in the above quantities with changes in
k, and inequalities in u, and u,. They reveal that the probability of
completing process a first approaches 1.0 fairly quickly, as u, increases
OVET U,,.

Computer computations also show that residual subprocesses increase
essentially linearly with k, more so as u, exceeds u,. Overall, allowing u,
to exceed u, leads to a high probability of process a being completed first
and a positive, essentially linear, association between k and k,.,. These
observations are detailed in Carter and Neufeld (1996; available from
either author).

The basically linear relation between & and k., affords an estimate of the
latter amount according to the encoding duration of the associated dimen-
sion. Note that under a gamma-distributed encoding latency, the mean
encading time E(T) is k/u, whereby k = uE(T). Considering their linear
relation, k,,, = ck, where c is a constant of proportionality. Thus %,., =
cuE(T), where cu now is the constant of proportionality with respect to
time. Although the survivor functions of the present modeling are con-
structed with reference to time (see Appendix A}, they could be constructed
with reference to k,,,; v would simply change to reflect the replacement of
t with k,,,. As well, the ratio-scale properties of latency are preserved with
conversion to k. That is, the units of measurement are related by a
constant, and the origin of 0 has the same meaning for both scales (see
Townsend, 1992).

Appendix C

x* and Related Formulae Serving in Parameter Estimation and Model Testing

Pseudo- )(2 ( )‘(2)

Estimation of parameters of tendered models routinely entails the max-
imization of correspondence between observed data and model predictions.
Conversely, discrepancy between data and predictions, summarized as a
“cost function,” is to be minimized. The following cost function is useful
in the present case where data comprise distribution moments, notably
means and variances (Townsend, 1984):

(xpredq Xobs, q) g (SDpled,q - SDabx.q)z
2 + n

s
xpred q SDpred,q

q=1 g=1
where X,,.,, = model-predicted value for the gth mean, SD,.;, =
model-predicted value for the gth standard deviation, X,,, , and SD,,,, , are
the corresponding observed values, and g is the number of means and
standard deviations involved in the analysis. This cost function is espe-
cially useful for parameter estimation using function-minimizing proce-
dures such as those described in the text (or equivalently maximization of
the inverse of Equation C1). The function is labeled pseudo-x> as it has a
x* format; however, values are affected by units of measurement and are
not necessarily distributed expressly as x* (Townsend & Ashby, 1983, p. 432).

Analysis of Variance x*

The following version of x* resembles that frequently found in formal
treatments of the analysis of variance:

(xob predq)
E “VargN, €2

In this equation, X,,,, , = the model prediction of the gth mean, X, , is the
corresponding observed value, Var, /N, is the variance associated with the
gth mean, N, is the number of judgments making up the gth mean (36 in

the case of schematic faces and 66 in the case of words), and g is the
number of sets of judgments for which means are available. Degrees of
freedom are: g — (number of theoretical — model’s parameter estimates).

Likelihood Ratio x*

The statistic G* = —2log,(LR) is asymptotically distributed as x* with
increasing N, the total number of observations in the formulae below. The
numerator of the likelihood ratio (LR) consists of the likelihood of the
observed data, given the theoretical model with fewer parameters than the
number of independent observational categories; the denominator consists
of the likelihood of the observed data, given a “model” with as many
parameters as independent observational categories (see below). Degrees
of freedom are equal to the difference between the number of parameters
in the theoretical model and the number of mdependent observational
categories.

The binomial likelihood of 7 events of a given category occurring over

the course of N trials is
N n N—n
(,,)p(l -p)"

where p is the probability of the category of event occurring on any trial.
If p is prescribed by the theoretical model, it is denoted 6, and where it is
a probability based on the observed data, it is denoted P. The binomial LR

then takes the form
N
n _ N-n
( n) "1 — 09)

(Mo

In the present application, 8 = F(¢), the survivor function prescribed by
the theoretical distribution under consideration. The value of P is deter-

(€3
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mined by the observed probability of the event category, specifically n/N,
which also is the maximum-likelihood estimate of p, given the data at hand.

Using the proposed model, we show that the number of judgments
affected by dimension x in group y, n,, is available as a function of the
observed salience value w,, specifically N,w, /m.. Here, N, is the number
of judgments in stimulus set x. To elaborate, observe that w,, is defined as
F(t)m,; therefore, the number of judgments affected by the dimension is the
probability of the latter’s trace survival multiplied against the number of
judgments involved. Consequently, the joint binomial LR of the observed
values taken across all stimulus sets and groups is

M 2 Naway Iy 2 Mol =y f)
li[ ﬁ (waxy/mx) (F(1)3) (1-F(1).,)
( N,

¥

(C4)
wax:/mx> (ny/mz)wan /m,(l _ ny /mx)N’(l_w"/m')
As the number of independent observational categories in the present
application is 9, degrees of freedom are equal to 9, less the number of
parameters specified by the theoretical model.

Pearsonian x*

With terms analogous to those of Equation C3, above, this general
format of ¥* is

P—-60)? (1-P)—(1-9))*
EN[ 9 ) ]
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Using the present terms and design results in

3 3 - —
(i, ~ F©)F (1 = wolmy) ~ (1 = F))?
22 N‘[ o, I~ Fa., }

x ¥

(C5)

Note that in practice this version of x?, and G2, above, yield similar results;
they are equivalent for large N.

Akaike’s Information Criterion (AIC)

This index of model performance takes into account the number of free
parameters involved in generating an obtained x*. In this way, efficiency of
the model structure is onsidered. The index is

G” + 2(number of parameters estimated), {C6)

where lower values of the index are preferable.
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of your claim.)

YOUR NAME AND PHONE NUMBER ISSUES: ___ MISSING ____ DAMAGED
TITLE VOLUME OR YEAR NUMBER OR MONTH
Thank you. Once a claim is received and resolved, delivery of repl t issues routinely takes 4-6 weeks.
(TO BE FILLED OUT BY APA STAFF)
DATE RECEIVED: DATE OF ACTION:
ACTION TAKEN: INV.NO. & DATE:
STAFF NAME: LABEL NO. & DATE:

Send this form to APA Subscription Claims, 750 First Street, NE, Washington, DC 20002-4242

PLEASE DO NOT REMOVE. A PHOTOCOPY MAY BE USED.




