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Abstract

Schizophrenic patients consistently demonstrate performance deficits on visual masking procedures. In visual masking, the
subject’s ability to process a target stimulus is reduced by another stimulus (mask) presented either before (forward masking) or
after (backward masking) the target. Masking procedures employed in schizophrenia research have used several experimental
paradigms. Most early studies have used high-energy masks (i.e., the mask is stronger than the target) and spatially overlapping
target and mask. More recently, studies have begun to employ relatively weak (i.e., low-energy) masks, as well as masks that
surround, but do not spatially overlap, the target. Data for forward and backward masking components of four masking
conditions (target location and identification with a high-energy mask, target identification with a low-energy mask, and target
identification with equal energy paracontrast/metacontrast) were collected from 75 patients with schizophrenia. Based on
theoretical distinctions among masking procedures, we compared four models of visual masking using structural equation
modeling. Although high zero-order correlations were found among the masking parameters, a four-factor model, in which
factors were separated on the type of response (target location and identification), the shape of the function (monotonic and non-
monotonic), and the overlap of the stimuli (overlapping and non-overlapping), provided the best fit for the data. These findings
suggest that the four masking procedures used in this study may tap unique aspects of visual processing and are not redundant.
The results also support theories of the different mechanisms underlying performance on these measures.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction

Schizophrenic patients consistently demonstrate
performance deficits on visual masking procedures,
as they require longer time intervals between target
and mask to identify the target stimulus, compared
with controls (Braff et al., 1991; Cadenhead et al.,
1998; Rund, 1993; Saccuzzo et al., 1974; Saccuzzo
and Schubert, 1981). Visual masking procedures are
thought to assess the earliest components of visual
information processing (Green et al., 1994a; Green et
al., 1994b; Saccuzzo, 1974; Schuck and Lee, 1989).
In these paradigms, the subject’s ability to process a
visual stimulus (target) is reduced by another visual
stimulus (mask) presented shortly before (forward
masking) or after (backward masking) the target. Vi-
sual masking is thought to occur through a combina-
tion of two processes, referred to as integration and
interruption (Turvey, 1973). Integration refers to the
fusion of the mask and target due to their close
temporal and spatial proximity, whereas interruption
reflects a disruption of slightly later-stage processing
of the target by the mask.

A dual-channel masking model of visual proces-
sing (Breitmeyer, 1984; Breitmeyer and Ganz, 1976)
has been proposed to explain these processes at a
physiological level. According to this model, masking
involves two types of visual channels, transient and
sustained, which differ in their anatomical and psy-
chophysiological characteristics. Transient channels,
in this view, are activated first and convey information
about onset, offset, and location of a stimulus. This
activation is followed by activity in the sustained
channels, enabling a more detailed analysis of the
stimulus. This model thereby provides a physiological
framework for the concepts of interruption and inte-
gration. Masking by interruption, in this view, occurs
when transient-channel activity of one stimulus inter-
rupts the sustained channel-activity of another stimu-
lus (e.g., inhibition of the sustained-channel activity of
the target by the transient-channel activity of the mask
in backward masking). Masking by integration, on the
other hand, occurs as a result of combined sustained-
channel activity, such that sustained activity of the
mask integrates with the sustained activity of the
target.

Several experimental paradigms have been used to
study visual masking in schizophrenia. Commonly,

the procedures involve high-energy masks relative to
a low-energy and spatially overlapping target (Breit-
meyer and Ogmen, 2000). (“Energy” in this context
refers to the product of stimulus contrast and dura-
tion.) Under these conditions, the masking effect
occurs from target and mask integration at short inter-
vals, and interruption at longer intervals. Such proce-
dures, therefore, involve both integration and
interruption processes and produce monotonic mask-
ing functions, in which subjects’ performance
increases with increasing intervals (Breitmeyer and
Ganz, 1976).

Another procedure, designed to isolate integration
and interruption processes, uses relatively weak (i.c.,
low-energy) masking stimuli, compared to the targets.
Because the visual representation formed by integrat-
ing the target with a weak mask is still interpretable,
the effects of integration on visual processing of the
target are minimized, and masking effects occur pri-
marily through interruption (Green et al., 1994a). This
masking paradigm typically produces a non-monotonic
(i.e., U-shaped) function that can demarcate the point
at which target processing is interrupted by the mask
(i.e., the point of the strongest masking effect) (Ganz,
1975; Michaels and Turvey, 1979; Stewart and
Purcell, 1974).

More recently, a third procedure has been intro-
duced into schizophrenia research in which the mask
surrounds, but does not spatially overlap, the target
(Rassovsky et al., 2004). It is called paracontrast (for
forward masking) and metacontrast (for backward
masking). As there is no spatial overlap between
target and mask, this procedure is very effective in
isolating the interruption mechanisms (Ganz, 1975). A
graphical representation of subjects’ performance
using this paradigm also produces a non-monotonic
function (Merritt et al., 1986; Rassovsky et al., 2004;
Rassovsky et al., in press).

Despite the theoretical distinctions among the var-
ious paradigms, it remains unclear whether these pro-
cedures provide different information regarding visual
processing that are relevant to understanding deficits
in schizophrenia. To directly address this issue, we
collected data from a sample of schizophrenic patients
using these paradigms, as well as one that involves
locating a target instead of identifying it. This task
should rely less on sustained channels for the response
and more on transient channels. We postulated that the
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extent to which different masking procedures yield
distinctive information regarding the underlying visu-
al processes would be reflected in the number of latent
variables needed to explain the observed performance.
If some of the procedures are yielding redundant
information, they should load on a single factor.

Based on the aforementioned theoretical considera-
tions, four competing models were constructed using
the eight masking parameters: 1) a model in which all
masking parameters load on a single factor; 2) a two-
factor model that has a factor for monotonic masking
functions and one for non-monotonic masking func-
tions; 3) a three-factor model: one for monotonic
masking functions, a second for non-monotonic func-
tions with spatially overlapping target and mask, and a
third for non-monotonic functions with non-overlap-
ping target and mask; and 4) a four-factor model: one
for monotonic masking functions of target location, a
second for monotonic masking functions of target
identification, a third for non-monotonic masking
functions with spatially overlapping target and mask,
and a fourth for non-monotonic masking functions
with non-overlapping target and mask. The four mod-
els were compared using the structural equation mod-
eling approach. This approach is conceptually
analogous to a combination of confirmatory factor
analysis and multiple regression (Ullman, 2001), as
it allows the assessment of a common variance be-
tween latent variables and their indicators, as well as
the variance or covariance among latent variables,
within a theoretical framework.

2. Methods
2.1. Subjects

Participants were part of the project “Early Visual
Processing in Schizophrenia” (Green et al., 1994a;
Green et al., 1994b). All schizophrenia patients were
outpatients recruited through outpatient clinics at the
VA Greater Los Angeles Healthcare System and
through presentations in the community. All partici-
pants gave written informed consent after receiving a
full explanation of the research according to proce-
dures approved by the Institutional Review Boards of
UCLA and the VA Greater Los Angeles Healthcare
System.

Participants were administered the Structured
Clinical Interview for DSM-IV (SCID-P) (First et
al., 1997) and met the DSM-IV diagnostic criteria
for schizophrenia (AmericanPsychiatricAssociation,
1994). All interviewers were trained to administer
the SCID by the Diagnostic Core of the Mental Illness
Research, Education, and Clinical Center (MIRECC)
Treatment Unit, and were required to obtain a Kappa
of .75 for key psychotic and mood items before
proceeding to interview participants independently.
Patients were excluded if they had an identifiable
neurological condition, any signs of mental retarda-
tion, or met criteria for substance dependence in the
last 6 months.

The present study included 75 schizophrenic
patients (92% male). Mean age of the sample was
46.65 (SD=9.53; range=24-61) and mean education
was 12.98 (SD=1.75; range=8-18). The sample had
a mean illness chronicity of 21.23 years (SD=11.01;
range=3-39). The patients were clinically stable out-
patients. Patients’ mean score for thinking disturbance
cluster (hallucinations, unusual thought content, and
conceptual disorganization) on the Brief Psychiatric
Rating Scale (BPRS) (Overall and Gorham, 1962)
was 2.46 (SD=1.31; range=1-6). Their mean BPRS
score for the withdrawal/retardation cluster (blunted
affect, emotional withdrawal, and motor retardation)
was 1.97 (SD=.87; range=1-3.67).

2.2. Testing procedures

A specially designed computerized system with a
high refresh rate was used to administer the masking
procedures. Although the procedures closely approxi-
mated previously-used computerized visual masking
tasks from the same research program (Green et al.,
2002; Green et al., 2003b; Rassovsky et al., 2004), the
tasks for the current study differed in two key ways.
First, the present tasks were programmed using E-
Prime software (Psychology Software Tools Inc.,
Pittsburgh, PA). Second, the tasks were administered
on a Dell Pentium computer with a 17 in. Sony Multi-
scan 200PS monitor, driven at 160 Hz with a refresh
rate of 6.25 ms (our previous studies used 150 Hz
with a refresh rate of 6.67 ms). Stimuli were presented
as dark on a light background. Background lumi-
nance, measured with a hand-held meter with diffuser
against the screen, was 1x=89.
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Prior to the masking procedures, a thresholding
procedure was used to equate participants’ unmasked
target identification using a staircase method (Wether-
ill and Levitt, 1965). The duration of the target was set
at two screen sweeps (12.5 ms) and was held constant
throughout the procedures. During this thresholding
procedure, the contrast of the target (i.e., the gray
scale value) was systematically increased or decreased
based on subject’s performance to achieve 84% per-
formance accuracy. This contrast level was used for
all subsequent masking procedures.

A fixation symbol (a small cross) was presented for
300 ms, starting 400 ms before target onset. The target
was a square with a gap that could appear at the top,
the bottom, or on the left side (see Fig. 1). Targets
could appear at any one of four locations on the screen
(upper left, upper right, lower left, lower right). Target
location was 1.03° of visual angle from fixation, and it
subtended 0.23° of visual angle. Intervals between
target and mask were measured by stimulus onset
asynchronies (SOAs), which is the time interval be-
tween the onset of the target and the onset of the
mask. In forward masking, the mask preceded the
target and in backward masking, the mask followed
the target. In every masking condition, there was an
SOA of 0, but it was not included in the analyses.
Twelve trials were presented in a randomized fashion
at each SOA (3 types of targets time 4 locations).

Four masking conditions were used:

1) In the target location, high-energy masking condi-
tion, participants were asked to indicate where the
target appeared. The energy of the mask was twice

Target High/Low-Energy Mask Para/Meta Mask
ol [= =] OO
sz om| (O O

Fig. 1. Masking stimuli. The target was a square with a gap that
could appear at the top, the bottom, or on the left side. Targets could
appear at any one of four locations on the screen (upper left, upper
right, lower left, lower right). The high/low-energy mask was a
composite square made up of four smaller squares and appeared at
each of the four possible target locations, overlapping the area
occupied by the target. The paracontrast/metacontrast mask was a
square that surrounded, but did not overlap, all possible areas in
which the target could appear.

the energy of the target (i.e., four screen sweeps for
the mask and two for the target). The mask was a
composite square made up of four smaller squares
(see Fig. 1) and appeared at each of the four
possible target locations, overlapping the area oc-
cupied by the target (Green et al., 2003b). The
SOAs were spaced in 12.5 ms increments from
—75 to +75 ms. In all, 12 SOAs were included
in the analyses.

2) In the target identification, high-energy masking
condition, participants were asked to identify the
target. Target and mask were the same as in the
previous condition. The energy of the mask was
again twice the energy of the target. The SOAs
were spaced in 12.5 ms increments from —75 to
+75 ms, with additional intervals at —112.5 and
+112.5 ms (total of 14 SOAs were included in the
analyses).

3) In the target identification, low-energy masking
condition, participants were again asked to identify
the target. Target and mask were the same as in the
previous conditions. The energy of the mask was
half the energy of the target (i.e., one screen sweep
for the mask and two for the target). The SOAs
were again spaced in 12.5 ms increments from
—75 to +75 ms, with additional intervals at
—112.5 and +112.5 ms (total of 14 SOAs were
included in the analyses).

4) In the target identification, equal energy paracon-
trast/metacontrast condition, participants were also
asked to identify the target. The target was the
same as in the previous conditions. The energy of
the mask was equal to that of the target (two screen
sweeps). As can be seen in Fig. 1, the mask was a
square that surrounded, but did not overlap, all
possible areas in which the target could appear
(Rassovsky et al., in press). The SOAs were spaced
in 12.5 ms increments from — 75 to +100 ms (total
of 14 SOAs were included in the analyses).

2.3. Statistical analyses

Pearson bivariate correlations (two-tailed) were
calculated to examine zero-order correlations among
the masking parameters. The structural equation mod-
eling technique was then used to examine four models
hypothesized to explain the factorial structure of the
visual masking parameters (Bentler, 1996). The first
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Table 1
Pearson correlations among masking variables

1 2 3 4 5 6 7 8
1. F-Hi-Loc - A441%* .294* 310%* 247* 341%* 205 314%*
2. B-Hi-Loc - 313%* .283%* 205 .248%* .150 256*
3. F-Hi-ID - ARTH* .654%* .649%* 528%* STTH*
4. B-Hi-ID - AT8H* .608** A42%* 569%*
5. F-Lo-ID - 788%* 748%* 702%*
6. B-Lo-ID - L628%* .654%*
7. P-Eq-ID - .862%*
8. M-Eq-ID -

F-Hi-Loc = forward condition, high-energy mask, target location; B-Hi-Loc = backward condition, high-energy mask, target location; F-Hi-ID =
forward condition, high-energy mask, target identification; B-Hi-ID = backward condition, high-energy mask, target identification; F-Lo-ID =
forward condition, low-energy mask, target identification; B-Lo-ID = backward condition, low-energy mask, target identification; P-Eq-ID =
paracontrast, equal energy, target identification; M-Eq-ID = metacontrast, equal energy, target identification.

*p <.05, ¥*p<.01 (two-tailed).

model had one latent variable with all eight indica-
tors: forward condition, high-energy mask, target lo-
cation (F-Hi-Loc); backward condition, high-energy
mask, target location (B-Hi-Loc); forward condition,
high-energy mask, target identification (F-Hi-ID);
backward condition, high-energy mask, target identi-
fication (B-Hi-ID); forward condition, low-energy
mask, target identification (F-Lo-ID); backward con-
dition, low-energy mask, target identification (B-Lo-
ID); paracontrast, equal energy, target identification
(P-Eqg-ID); and metacontrast, equal energy, target
identification (M-Eq-ID). The second model had
two latent variables representing the monotonic/non-

B-Hi-Loc

F-Lo-ID

B-Lo-ID

B-Hi-ID

monotonic distinction. “Monotonic” indicators includ-
ed F-Hi-Loc, B-Hi-Loc, F-Hi-ID, and B-Hi-ID; “non-
monotonic” indicators included F-Lo-ID, B-Lo-ID, P-
Eqg-ID, and M-Eqg-ID. The third model had three
latent variables representing the monotonic/non-
monotonic, as well as the overlapping/non-overlap-
ping, distinctions. ‘“Monotonic” indicators were the
same as in the two-factor model. “Non-monotonic/
overlapping” indicators included F-Lo-ID and B-Lo-
ID; “non-monotonic/non-overlapping” indicators in-
cluded P-Eq-ID and M-Eq-ID. The fourth model had
four latent variables representing the monotonic loca-
tion/identification distinction, the monotonic/non-

F-Hi-Loc

P-Eq-ID

M-Eq-ID

F-Hi-ID

Fig. 2. Structural equation model, with one latent variable and eight indicators. Circle represents the latent variable, and rectangles represent
measured variables (defined in Table 1). *Estimated parameters. Underlined coefficients (presented in standardized form) are significant at the

.05 level. CFI=.85, 3> (20,N=74)=70.18, p<.001.
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monotonic distinction, and the overlapping/non-over-
lapping distinction. “Monotonic/location” indicators
included F-Hi-Loc and B-Hi-Loc. “Monotonic/iden-
tification” indicators included F-Hi-ID and B-Hi-ID.
“Non-monotonic/overlapping” and “non-monotonic/
non-overlapping” indicators were the same as in the
third model.

The hypothesized models were estimated with EQS
Structural Equation Package (Bentler, 1996), using
maximum likelihood solution. This software reports
many of the indices that have been described in the
literature for evaluating model fit (e.g., Bentler—Bonett
Normed Fit Index, Bentler—Bonett Non-Normed Fit
Index, Comparative Fit Index, Bollen Fit Index,
McDonald Fit Index, Lisrel GFI Fit Index, Lisrel
AGFI Fit Index, Root Mean-Square Residual, Stan-
dardized RMR, and Root Mean-Square Error of Ap-
proximation). As the fit indices were consistent in
ranking the candidate models, we report in this paper
only two commonly reported indices, the chi-square
and the Comparative Fit Index (CFI). A good fitting
model is typically indicated by a non-significant chi-
square. However, because the chi-square is very sen-
sitive to sample size, it often rejects good-fitting mod-

F-Hi-ID

B-Hi-ID

F-Lo-ID

B-Lo-ID

Monotonic

Non-mono

els (Ullman, 2001). Therefore, the Comparative Fit
Index (CFI) was also included (Bentler, 1990). The
CFI ranges from 0 to 1 and values greater than .95
typically indicate good model fit (Hu and Bentler,
1999). As only one participant had missing data, list-
wise deletion method was used in the analyses (i.e.,
excluding the participant with the missing data).

3. Results
3.1. Zero-order correlations

Pearson bivariate correlations (two-tailed) for the mask-
ing variables are reported in Table 1. As can be seen in Table
1, most variables had significant zero-order correlations with
each other at the .05 level.

3.2. Structural equation models

The independence model, testing whether or not the ob-
served data fit the expected data, was rejected, x>
(28,N=74)=363.27, p<.001. (The chi-square for the inde-
pendence model should always be significant, indicating that
there is a relationship among the variables. The independence

B-Hi-Loc

0.41*
» F-Hi-Loc
0.89*
» M-E¢-ID
P-Eq-ID

Fig. 3. Structural equation model, with two latent variables representing the monotonic/non-monotonic distinction. *Estimated parameters.
Underlined coefficients (presented in standardized form) are significant at the .05 level. CFI=.86, 3> (19,N=74)=65.18, p<.001.
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F-Hi-ID

B-Hi-ID

F-Lo-ID

B-Lo-ID

B-Hi-Loc

Monotonic

F-Hi-Loc

M-Eg-ID

P-Eq-ID

257

Fig. 4. Structural equation model, with three latent variables representing the monotonic/non-monotonic, as well as the overlapping/non-
overlapping, distinctions. N-Mo-Ov = non-monotonic function, overlapping target and mask; N-Mo-N-Ov = non-monotonic function, non-
overlapping target and mask. *Estimated parameters. Underlined coefficients (presented in standardized form) are significant at the .05 level.
CFI=.95, %% (17,N=74)=35.60, p<.01.

model was the same for all four models.) Next, the first
hypothesized model, with one latent variable and all eight
indicators, was tested. Although all indicators had moderate-

B-Hi-ID

F-Hi-ID

B-Hi-Loc

F-Hi-Loc

B-Lo-ID

F-Lo-ID

M-Eq-ID

P-Eq-ID

to-high loadings on the latent variable, and all were signifi-
cant at the .05 level, the first model fit the data only modestly,
CFI= .85, % (20,N=74)=70.18, p<.001 (see Fig. 2).

Fig. 5. Structural equation model, with four latent variables representing monotonic location/identification, monotonic/non-monotonic, and
overlapping/non-overlapping distinctions. Mo-ID = monotonic function, target identification; Mo-Loc = monotonic function, target location.
*Estimated parameters. Underlined coefficients (presented in standardized form) are significant at the .05 level. CFI=.97, z*

(14,N=74)=24.51, p=04.
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The second hypothesized model, with two latent variables
representing the monotonic/non-monotonic distinction, also
provided only a moderate fit for the data, CFI=.86, ;°
(19,N=74)=65.18, p<.001. Again, all indicators had mod-
erate-to-high loadings on their respective latent variables, and
all were significant at the .05 level (see Fig. 3). Furthermore, a
high covariance was found between the two latent variables
(standardized coefficient=.87, p <.05). This model offered a
modest, but statistically significant, improvement over the
first model, x* (1, N=74)=5.00, p<.05.

The third hypothesized model, with three latent vari-
ables representing the monotonic/non-monotonic, as well
as the overlapping/non-overlapping, distinctions, provided
a good fit for the data, CF1=.95, 12 (17,N=74)=35.60,
p<.01. All indicators had moderate-to-high loadings on
their respective latent variables, and all were significant
at the .05 level (see Fig. 4). As seen in Fig. 4, a high
covariance was found among the three latent variables,
with all standardized coefficients significant at the .05
level. This model offered a significant improvement over
the first model, XZ (3,N=74)=34.58, p<.001, and the
second model, y° (2,N=74)=29.58, p<.001.

Finally, the fourth hypothesized model, with four latent
variables representing monotonic location/identification,
monotonic/non-monotonic, and overlapping/non-overlap-
ping distinctions, provided an excellent fit for the data,
CFI=.97, 7> (14,N=74)=24.51, p=.04. All indicators
had moderate-to-high loadings on their respective latent
variables, and all were significant at the .05 level (see Fig.
5). A high covariance was found among the four latent
variables, with all standardized coefficients significant at
the .05 level. This model offered a significant improvement
over the first model, 7 (6, N=74)=45.67, p<.001, over the
second model ? (5,N=74)=40.67, p<.001, and over the
third model, y* (3, N=74)=11.09, p<.05.

4. Discussion

In the present study, we employed several experi-
mental paradigms to examine whether the underlying
structure of visual masking performance in schizo-
phrenia reflects hypothesized differences in the under-
lying visual mechanisms. Using structural equation
modeling we compared four competing models: 1) a
model in which one latent variable is hypothesized to
underlie all eight masking indicators; 2) a model with
two latent variables representing the monotonic/non-
monotonic distinction; 3) a model with three latent
variables representing the monotonic/non-monotonic,
as well as the overlapping/non-overlapping, distinc-

tions; and 4) a model with four latent variables repre-
senting monotonic location/identification, monotonic/
non-monotonic, and overlapping/non-overlapping dis-
tinctions. We found that the four-factor model provid-
ed the best fit for the data.

The current results are consistent with the dual-
channel masking model of visual processing (Breit-
meyer, 1984; Breitmeyer and Ganz, 1976). As pre-
dicted by this model, the measured variables with
mask energies higher than their target energies loaded
heavily on the latent monotonic factor. The monotonic
functions in forward and backward masking can be
attributed to a very strong masking by integration in
the sections of the masking curves that are closest to
an SOA of 0 (Breitmeyer, 1984). For pattern masking,
this process occurs when the sustained activity of the
mask integrates with the sustained activity of the
target. Such sustained-channel activity has been re-
cently attributed to cortical oscillations in the gamma
range (Green et al., 2003a; Purushothaman et al.,
2000). In location masking, a similar process occurs
when the transient activity of the mask integrates with
the transient activity of the target.

Conversely, the variables with low energy or non-
overlapping masks loaded on the latent non-monoton-
ic factor. Non-monotonic functions do not involve
sustained on sustained integration in the short mask-
ing intervals. They can be produced by a mask that
surrounds but does not spatially overlap the target, or
by an overlapping mask that is of less energy than the
target. Masks that have a low energy activate sus-
tained channels only weakly, thus yielding little if
any pattern masking by integration; however, they
strongly activate transient channels (Breitmeyer,
1984). With non-overlapping target and mask of
equal energy, the non-monotonic paracontrast mask-
ing functions result from intrachannel inhibition of the
sustained activity of the target by the sustained activ-
ity of the preceding mask, whereas the non-monotonic
metacontrast masking function results from interchan-
nel inhibition of the sustained activity of the target by
the transient activity of the mask.

In addition, the non-monotonic factor was subdi-
vided further into overlapping and non-overlapping
factors. This again would be predicted; because there
is no overlap between target and mask in metacon-
trast, one would expect strong non-monotonic mask-
ing results, and also stronger interruption processes
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than in the overlapping low-energy masking condition
(Ganz, 1975). Finally, the monotonic factor was sub-
divided into target location and target identification
factors. This is also consistent with the dual-channel
masking model, in which transient channels would be
mainly involved in conveying information about tar-
get location, whereas sustained channels would be
mainly responsible for the more detailed analysis
needed to identify the target (Breitmeyer and Ganz,
1976).

It should be noted that in the best fitting model, all
of the paths linking the latent variables were statisti-
cally significant, and the inclusion of these paths
resulted in improved model fit. This pattern of corre-
lations suggests that, even though the four-factor
model provides the best fit, there are common under-
lying mechanisms that all four of the factors share.
The stimuli for all of these tasks were small, faint, and
very briefly presented. Hence, all the tasks rely on a
shared capacity for speeded visual processing.

The current results did not reveal redundancy in the
four masking procedures. Despite likely dependence
on a common mechanism, each procedure appears to
yield somewhat different information about underly-
ing visual processes. Overlapping, high-energy mask-
ing procedures are useful to examine overall
differences in visual information processing, without
separating interruption from integration mechanisms.
Inclusions of target location and identification tasks
are useful for tapping separate visual channels needed
to conduct the task. Overlapping, low-energy proce-
dures are a useful counterpart to the overlapping,
high-energy procedures for evaluating non-monotonic
functions. Finally, the paracontrast/metacontrast pro-
cedure can be effectively employed for specifically
isolating the mechanism of interruption. Using struc-
tural equation modeling, this study supported the
utility of these various masking procedures and sug-
gested that each paradigm offers unique insight into
visual processing deficits in schizophrenia.
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