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Abstract
We examined performance in a cued detection task when a peripheral cue was either 50% or 100% valid, tested in separate
experiments. We combined a Posner cueing task with a double factorial manipulation of stimulus salience. Unlike previous
investigations in which participants responded to either target, we employed an AND decision task in which a target-present
decision required there to be a target at both locations. When the cue was 50% valid, all the participants adopted parallel
exhaustive processing to detect redundant targets with unlimited to limited capacity. When the cue was 100% valid, three
participants, who performed this experiment first, adopted serial exhaustive processing. By contrast, the participants who first
performed the 50% validity experiment continued to adopt parallel exhaustive processing. Capacity generally declined below a
lower bound, suggesting extremely limited capacity. Our conclusion is that the validity of the cue affected processing strategy but
participants could increase the relative efficiency of the parallel processing with practice.

Keywords Attention . Cued detection . Perceptual decision process . Systems factorial technology . Practice effects

Introduction

The effect of cues on accuracy and response time (RT) has
been used extensively to study the dynamics of the attentional
system. In Posner’s classic task (Posner et al. 1980) and its
variants, a cue is used to signal the potential onset of a target at
that location some time following the offset of the cue. The
cue can either be valid (i.e., correctly signaling the target lo-
cation) or invalid (i.e., presented at a different location to the
target); a cueing effect indexes the decrease in target detection
RT for valid cue compared to invalid cues (or, in some in-
stance, neutral cues that signal target onset but not location)

(Posner 1980). A cue that indicates where the target will ap-
pear, even if imperfect, facilitates target detection at that
location.

The strength of the cueing effect varies as a function of
several factors. For example, when a cue, presented prior to
target onset, is brief and presented peripherally near or at the
possible location of the target, the cue captures attention
(Müller and Rabbitt 1989; McCormick 1997; Theeuwes
et al. 1998). The engagement of this exogenous attentional
system increases contrast sensitivity and spatial resolution
(Carrasco 2011), which benefits target detection when the pe-
ripheral valid cue precedes the target but harms target detec-
tion when the cue is invalid (i.e., when the target appears at a
different location). Importantly, the benefits and costs are con-
stant across the validity of the cue and this exogenous cueing
effect does not appear to be reduced by instructions to ignore
the cue (Gottlob and Madden 1999; Jonides 1981; Lambert
et al. 1987) or concurrent load (Jonides 1981), which further
indicates that the engagement of attention is automatic
(Giordano et al. 2009). There is evidence that briefly presented
cues engage detectors that are sensitive to transient informa-
tion and reach their peaks in effectiveness at about 150 ms
prior to the target onset (Cheal and Lyon 1991; Nakayama and
Mackeben 1989). Nonetheless, the cueing benefit of a periph-
eral cue appears to persist for some time after 150 ms; this is
perhaps reflecting the recruitment of the endogenous
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attentional system (Müller and Rabbitt 1989). Unlike the ex-
ogenous attention system, the endogenous system takes lon-
ger to become engaged, reflecting the recruitment of detectors
sensitive to sustained information (Burbeck and Luce 1982;
Cleland et al. 1971; Livingstone and Hubel 1988; Luce 1986;
Smith 1995).

Endogenous attention is typically investigated by the pre-
sentation of centrally-located, symbolic cues (e.g., arrows
pointing to possible target locations). The effectiveness of
central, symbolic cues increases to an asymptote of effective-
ness with longer intervals between the cue and the target
(Wright and Ward 2008). The benefits of symbolic cues in-
crease with increasing cue validity, and conversely, the costs
of miscuing with symbolic cues decrease with cue validity
(Giordano et al. 2009). In contrary to exogenous attention
which appears to be stimulus driven and automatic (Yantis
and Hillstrom 1994; Yantis and Jonides 1990), endogenous
attention is controlled, goal-driven, and flexibly allocated
(Giordano et al. 2009; Wright and Ward 2008). Both exoge-
nous and endogenous attention improve discriminability and
increase the rate at which information is accrued for decision-
making (Carrasco and McElree 2001).

The purpose of the present paper is to examine whether
changes in cue validity are accompanied by changes in atten-
tional strategy. For instance, in Yang et al.’s study (Yang et al.
2014), a redundant-target detection task, in which participants
had to detect the presence of a target either at the left or the
right or at both locations, was combined with a peripheral cue
that varied from 50% validity to 100% validity. In the 50%
validity experiment, participants were shown to adopt a par-
allel self-terminating strategy, but in the 100% validity exper-
iment, participants adopted a serial self-terminating strategy.
Yang et al. (2014) employed an OR task in which a target-
present response should be emitted when a target was present
at either or both locations. In the present paper, we adopt a
similar methodology, which allows us to differentiate different
processing architectures (e.g., serial and parallel processing)
and to diagnose efficiency under increasing workload but use
an AND task in which a target-present response should be
emitted only if a target is present at both locations.While these
tasks are logically similar (i.e., the presence of a target at any
location in anOR task corresponds to the absence of any target
at any location in an AND task), it is well-known that detect-
ing presence is easier than detecting absence (Taylor 1976);
consequently, we expect participants to finish processing the
information from both locations (an exhaustive processing
strategy) rather than just one of the locations (a self-
terminating processing strategy) to make a target-present re-
sponse. This change in the stopping rule (exhaustive vs. self-
terminating) implies that the relative efficiency of serial and
parallel attentional allocation strategies is different in the AND
task and in the OR task. The change in stopping rule also
renders our task different from typical redundant-target tasks

in which the presentation of multiple targets provides evi-
dence for each target’s individual response, rather than the
opposite response as is the case here. Below, we examine this
method in detail but first we discuss models of visual attention
that highlight the distinction between serial and parallel
processing.

Orienting and Gain-Based Models of Attention

Serial and parallel processing represent two general concep-
tions of the time courses of information processing inherent in
models of attention, which apply in simple detection but also
in more complex visual decisions. One class of models termed
orienting models (Sewell and Smith 2012) views attention as a
filter that must be positioned at the appropriate location in
order for the target stimulus to pass through a limited-
capacity channel (Broadbent 1958; Posner 1980). A classic
example of orienting models is Posner’s spotlight model of
attention (Posner 1980). An orienting model can be thought of
as a serial model in which attention must be shifted sequen-
tially among target locations; consequently, cueing an invalid
location results in large costs due to the concurrent shift of
attention to coincide with the target (Posner 1980). In contrast
to orienting models, gain models can be considered a form of
limited-capacity parallel processing models in which all loca-
tions are processed simultaneously but the attended locations
are processed at a higher rate than the unattended ones.
Kahneman (1973) conceptualized attention as a finite resource
and provided an example of this type of model.

Orienting and gain models typically mimic each other un-
der conditions in which stimulus onset are used, since a highly
salient onset can presumably cause an amplification of infor-
mation, or a boost in gain, at the target location. Sewell and
Smith (2012) found that for no-onset stimuli, in which the
target was presented by removing information from the cue
in order to maximally differentiate the predictions of an
orienting model and a gain model of attention, large cueing
effects were found implicating an orientingmodel of attention.
Sewell and Smith’s (2012) use of offset stimuli circumvents
the issue of mimicry and allows for decoupling of the model
predictions.

Our goal in the present paper differs from that approach in
that we seek to utilize RTs in order to differentiate key char-
acteristics of serial and parallel processing, along with the
decisional stopping rule adopted by participants, and to assess
the workload capacity of the system (i.e., how does processing
efficiency change when the number of targets increases). This
is often difficult since serial and parallel processing models
often produce the same qualitative results. This situation in
which two or more qualitatively different processes produce
the same value of the dependent variable is termed model
mimicry. Such situations present a persistent challenge in
many areas of cognition (and undoubtedly other areas of
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behavioral and neural research enquiry) including several
well-known cases in recognition memory (Donkin and
Nosofsky 2012; Dunn 2004; Nosofsky et al. 2011), visual
search (Little et al. 2017b), categorization (Ashby and
Alfonso-Reese 1995; Ashby and Maddox 1993; Donkin
et al. 2015), and working memory (Donkin et al. 2016). The
presence of model mimicry requires methodologies that can
differentiate different explanatory models. By combining one
particular methodology known as the double factorial para-
digm (Little et al. 2017a; Townsend and Nozawa 1995) (and
described further below) with the Posner cueing task, Yang
et al. (2014) showed that processing architectures varied de-
pending on whether the cue was 100% valid or 50% valid.

Redundant-Target Detection

In this paper, we extend the finding of Yang et al. (2014) and
further investigate the effect of spatial cueing on the
redundant-signal processing in an AND decision task; that
is, a correct decision requires processing of both locations.
See Fig. 1 for an illustration of the experimental procedure
(top panel) and the double factorial design (bottom panel).

The redundant-target detection task is a standard task
which is used to study the capacity of signal processing along
with general gains in performance from the occurrence of
multiple complementary signals (Little et al. 2017a; Miller
1991; Raab 1962; Townsend and Nozawa 1995; Yang et al.
2018). In this task, participants are required to monitor two
distinct locations (e.g., left and right location), and to detect
dots as accurately and quickly as possible. An affirmative
response is made depending on the task rule. In an OR task,
a positive response is emitted when either left or right location
contains a target. In contrast, in an AND condition, a positive
response is emitted when both left and right locations contain
a target. The manipulations of the task rule are expected to
influence the decisional stopping rule.

When attention is not manipulated, the processing charac-
teristics of redundant-target detection in the OR condition
have been well explored. In many studies of redundant-
target detection using luminance onset targets, processing
has been best explained as a parallel self-terminating strategy
with limited capacity (Townsend and Nozawa 1995). These
results indicate that participants process the two well-defined
locations simultaneously and in parallel. In addition, the
limited-capacity processing indicates that processing one lo-
cation may inhibit the processing for another location (Eidels
et al. 2011).

In Yang et al. (2014), the finding that biasing attention to a
specific location using a predictive cue leads to a change in the
architecture of processing provides a novel way of conceptu-
alizing the trade-off between limited-capacity parallel process-
ing and serial processing. When the cue was 50% valid, all of
the participants adopted a parallel self-terminating processing

strategy. That is, processing for both the cued and uncued
locations is conducted in parallel and simultaneously and ter-
minated as soon as either target reached the decision criterion.
Processing capacity ranged from unlimited to moderately lim-
ited capacity. By contrast, when a cue was 100% valid, the
same participants switched to a serial first-terminating pro-
cessing strategy. That is, participants first processed the cued
location, and if the information was sufficient, emitted a
target-present response. (Accuracy was very high in this task;
the primary effects of interest were at the level of RT.)
Otherwise, processing switched to the uncued location.
Generally, capacity became much more limited in the 100%
validity experiment than in the 50% validity experiment.What
makes this result even more impressive is that there were
minimal concurrent differences in the mean RT as a function
of the cue validity as expected from previous exogenous cue-
ing results (Yang et al. 2014) (100% validity experiment:
mean RT = 251 ms, standard deviation = 25 ms; 50% validity
experiment: mean RT = 259 ms, standard deviation = 36 ms).

The Present Experiment

In Yang et al.’s (2014) OR task, the serial strategy in a valid-
cue trial simply requires processing the cued location. On an
invalid trial, however, serial processing requires processing
both locations with the total RT being the sum of the times
taken to process both locations. Evidently, in the 50% validity
experiment, the cost of summing times from both locations
(i.e., serial processing) was larger than the cost of processing
both locations in parallel, even though that parallel processing
was of limited capacity (i.e., slower than processing a single
location with full attention). One question is whether knowing
the location of one target, in the 100% validity experiment,
benefits processing the other location in parallel or benefits
shifting to that location and processing that location in serial.
In the 50% validity experiment, the question is whether being
miscued results in a larger time cost to shifting to the other
location in the serial model than any costs involved in pro-
cessing the cues in parallel.

To answer these questions, we examine the effect of exog-
enous cueing on the redundant-target detection process in the
AND task.We characterize the redundant-target detection pro-
cess in a nonparametric fashion along three dimensions, in-
cluding the processing architecture (e.g., serial vs parallel vs
coactive processing), stopping rule (self-terminating vs ex-
haustive rule), and workload capacity (briefly introduced be-
low). The task factorially combines the brightness of a tar-
get at two levels (high, H, and low, L) with the presence or
absence of a target at the left and right locations. These
manipulations allow for application of several systems fac-
torial technology (SFT) measures which we introduce in
the following section (Townsend and Nozawa 1995;
Townsend and Wenger 2004).
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Although peripheral cues have typically been used to study
the automatic capture of exogenous attention, we utilize a
longer SOA between cue and target (350 ms) in order to study
the potential shifts of controlled endogenous attention that
occur in response to cue validity. That is, although peripheral
cuing effects reach effectiveness relatively quickly (at approx-
imately 120–150 ms) (Cheal and Lyon 1991; Nakayama and
Mackeben 1989), there is still a substantial effect extending to
over 500 ms (Müller and Rabbitt 1989). During this period,
endogenous attention may be recruited; we seek to character-
ize whether this recruitment is reflected by a shift from parallel
to serial processing.

Systems Factorial Technology

Using the double factorial design, the salience of dots (i.e.,
high/low brightness of a target dot) and the target position
(i.e., left and right position) are factorially combined (see

Fig. 1, bottom panel). There are nine possible test conditions,
including four redundant-target conditions (both dots have
high brightness, HH; the left dot has high brightness and the
right dot has low brightness, HL; the left dot has low bright-
ness and the right dot has high brightness, LH; both dots have
low brightness, LL), four single-target conditions (the left dot
has high brightness, HX; the left dot has low brightness, LX;
the right dot has high brightness, XH; the right dot has low
brightness, XL), and a target-absent condition.

The mean interaction contrast (MIC) and survivor interac-
tion contrast (SIC) are calculated from the redundant-target
conditions using the mean and RT distributions, respectively.
The MIC is expressed as:

MIC ¼ RT H;Hð Þ−RT H;Lð Þ−RT L;Hð Þ þ RT L;Lð Þ ð1Þ

where RT indicates the mean RT in one of the redundant-
target conditions. The two subscripts refer to the brightness
level of the left and right dots, with L indicating the low-

Fig. 1 The experimental
procedure, stimuli, and design.
Top panel: After a fixation point
of 500 ms, a cue was presented at
one of the two peripheral boxes
for 200 ms. Following a blank
interval of 150 ms, a test display
appeared for 100 ms immediately
followed by another blank
interval of 1900 ms. The
participants had to decide whether
two dots are simultaneously
presented or not. Bottom panel:
The task factorially combines the
brightness of a target at two levels
(high, H, and low, L) with the
presence or absence of a target at
the left and right locations, which
results in nine possible test
conditions
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brightness condition and H indicating the high-brightness con-
dition. A zero MIC can be inferred as the existence of a linear
additive relationship between two processes; that is, serial
processing. In contrast, a nonzero MIC can be inferred as
nonlinear additivity and can be used to rule out serial process-
ing. With an exhaustive stopping rule, parallel processing
models predict a negative MIC. The intuition is that the
redundant-target RT, for a parallel exhaustive model, will be
determined by the maximum finishing time of both locations.
A single low salience target will act to increase the maximum
time, but two low salience targets will only result in a small
relative increase compared to one. Consequently, theMICwill
be negative. By contrast, a coactive processing model, which
assumes that information from both location[s] is pooled into
a single decision channel and typically exhibits supercapacity
(Miller 1991), predicts a positive MIC. The intuition is that a
coactive model will produce fast RTs so long as at least one of
the channels is of high salience.

Further information about processing can be garnered by
examining a contrast of the entire RT distribution function
using the survivor functions from the redundant targets. The
SIC is computed as:

SIC ¼ S H;Hð Þ tð Þ−S H;Lð Þ tð Þ−S L;Hð Þ tð Þ þ S L;Lð Þ tð Þ ð2Þ

where S(t) indicates the survivor function in one of the
redundant-target conditions. Combining MIC and SIC, one
can make a strong inference regarding the processing archi-
tecture and the decisional stopping rule. Table 1 summarizes
five possible models with different combinations of the pro-
cessing architecture and the decisional stopping rule and their
MIC and SIC predictions (Townsend and Nozawa 1995).

The double factorial paradigm also allows us to compute a
measure of workload capacity. In an AND task, workload
capacity is measured by comparing performance to the expect-
ed predictions of a baseline parallel, exhaustive model. A par-
allel exhaustive model predicts that the redundant-target RT
should be predicted as the maximum time of the single targets.
If the RT probability density functions (pdfs) for detecting a
target in the left (L) and right (R) locations are given by fL(t)
and fR(t), then the cumulative distribution functions (cdfs) are

given as FL(T ≤ t) = ∫ fL(t)dt and FR(T ≤ t) = ∫ fR(t)dt, where T
is a random variable representing RT. The maximum time cdf
is FL(T ≤ t) × FR(T ≤ t), and therefore capacity is computed as:

CAND tð Þ ¼ log FL T ≤ tð Þ � FR T ≤ tð Þ½ �
log FL;R T ≤ tð Þ� � ð3Þ

which is the ratio of the (negative logarithm) of the expected
maximum time derived from the signal-target responses to the
observed redundant-target response. An unlimited-capacity
parallel exhaustive model will predict CAND(t) = 1 for all t.
Values of CAND(t) less than or greater than one are indicative
of capacity which is worse or better than the baseline model
and is termed limited or super capacity, respectively.

To provide an additional point of comparison for the ca-
pacity measure, Colonius-Vorberg (CV) introduced upper and
lower bounds on parallel exhaustive processing (Colonius and
Vorberg 1994). Townsend and Eidels (Townsend and Eidels
2011) provided an interpretation of these bound in relation to
CAND(t). The CV upper bound is expressed as:

CAND tð Þ≤ log FL tð Þ � FRt½ �
log Min FL tð Þ; FR tð Þ½ �f g ð4Þ

The CV lower bound is expressed as

CAND tð Þ≥ log FL tð Þ � FRt½ �
log FL tð Þ þ FR tð Þ−1½ � ð5Þ

These CV upper and lower bounds place upper and lower
limits on the capacity expected from a parallel exhaustive
model. A violation of the CV upper bound suggests
supercapacity processing, while a violation of the CV lower
bound suggests very limited-capacity processing.

Method

Participants

Six undergraduate students (S1–S6) from the National Cheng
Kung University participated in two experiments. An exoge-
nous cue was manipulated to be either uninformative (50%
valid) or informative (100% valid) to signal the onset of a
target. The order of the two experiments was counterbalanced
across the participants with three of the participants (S1–S3)
first completing the 100% validity experiment and the remain-
ing (S4–S6) first completing 50% validity experiment. Their
ages ranged from 18 to 21 years old, with a mean age of 19.
Each participant received NTD 3000 for their participation.
All participants had normal or corrected-to-normal vision.
Prior to the experiment, all the participants signed an informed
consent form. The ethics approval for the study was obtained
from the Ethics Committee of Department of Psychology at

Table 1 Five possible processing models and their MIC and SIC
predictions

Model MIC SIC

Serial, self-terminating 0 0

Serial, exhaustive 0 − → +

Parallel, self-terminating > 0 > 0

Parallel, exhaustive < 0 < 0

Coactive > 0 − → +

−→ + implies that the SIC function transitions from a negative value to a
positive values across values of t
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National Cheng Kung University, and the study was conduct-
ed in accordance with the approved guidelines and
regulations.

Apparatus

The experiments were conducted in a darkened roomwith dim
light. A personal computer with a 2.40-G-Hz Intel Pentium IV
processor controlled the stimulus display and recorded the
participants’ responses. The display resolution was 1024 (pix-
el in width) × 768 (pixel in height). The visual stimuli were
presented on a 19-in. CRT monitor (CTX VL951T) with a
refresh rate of 85 Hz. E-prime 1.1 was used to run the exper-
iments (Schneider et al. 2002). The viewing distance was
60 cm. A chin-rest was used in order to prevent head
movements.

Design, Stimuli, and Procedure

At the beginning of each trial, a fixation point and two periph-
eral boxes (4° in height and width; the center-to-center dis-
tance between the two boxes was 12°) were presented for
500 ms (see Fig. 1). After the fixation point, a cue (a light
gray square in 3.2° in height and width) was presented at the
center of one of the two peripheral boxes for 200 ms.
Following a blank interval of 150 ms, a test display appeared
for 100 ms immediately followed by another blank interval of
1900 ms. The participants had to quickly make a positive
response (i.e., left click of the mouse) if they detected two
target dots (the diameter of the dot stimulus was 0.2°); other-
wise, if they detected a single dot or if no dot was detected, a
negative response (i.e., right click of the mouse) was required.
The inter-trial interval was 1000 ms.

The redundant-target trials, two single-target trials, and
target-absent trials were equally probable. In addition, the
brightness of the dot stimulus was manipulated in two levels
with equal presentation probability (see Altieri, Fific, Little, &
Yang, 2017; Fific & Little, 2017 for SFT design guidelines).
Specifically, the luminance of the dot stimulus was either
0.3 cd/m2 (high salience) or 0.038 cd/m2 (low salience).

In addition to the brightness manipulation, we manipulated
the validity of an exogenous cue probing the target position.
Since the cue was 100% valid for the redundant-target condi-
tions and it was 100% invalid for the target-absent condition,
we manipulated the cue validity in the single-target condi-
tions. In the 50% validity experiment (uninformative cue),
on half of the trials in the single-target conditions, a cue was
followed by a dot stimulus, and on the remaining trials, a cue
was followed by a blank. In the 100% validity experiment
(informative cue), on all the trials in the single-target condi-
tions, a cue was always followed by a target dot.

Each participant performed ten sessions for each experi-
ment, and each session was composed of six blocks of 80

trials. In each session of 480 trials, 120 trials were target-
absent trials, 240 trials were single target (120 left, 120 right),
and 120 were redundant targets (30 HH, 30 LH, 30HL, and 30
LL). The number of the test trials allowed us to collect suffi-
cient correct RTs for each condition in order to estimate the RT
distributions. Before each session began, each observer prac-
ticed a block of 80 trials. The length of the practice (approx-
imate 5 min) was sufficient for dark adaptation.

Data Analysis

We followed the suggestions of SFT to analyze data and make
inferences (Townsend and Nozawa 1995). A critical assump-
tion of SFT is that the salience manipulation selectively affects
the processing for each target position (i.e., varying the bright-
ness of the left dot should not affect the RT for the right dot).
This assumption is termed effective selective influence
(Dzhafarov 1999; Kujala and Dzhafarov 2008; Townsend
and Thomas 1994).

It is notable that we cannot observe whether selective-
influence assumption holds directly; however, we can assess
its influence by examining the ordering of the survivor func-
tions across all four factorial stimuli (i.e., stochastic
dominance). That is, if selective-influence assumption holds,
then we expect to find that S(H, H)(t) ≤ {S(L, H)(t), S(H, L)(t)} ≤
S(L, L)(t) with a strict inequality holding for at least one time t
(Heathcote et al. 2010; Townsend 1990; Townsend and
Nozawa 1995). Note that a violation of stochastic dominance
implies a violation of the selective influence but the converse
is not necessarily true.

We therefore conducted two analyses to verify the
selective-influence assumption. First, mean RTs in the
redundant-target conditions were analyzed with a 2 (bright-
ness of the left dot) × 2 (brightness of the right dot) analysis of
variance (ANOVA). If the selective-influence assumption is
satisfied, we expect to observe significant main effects of the
brightness manipulation. Second, we conducted Kolmogorov-
Smirnov (K-S) tests in order to verify the selective-influence
assumption at the RT distribution level. The ordering of the
RT distributions was examined by using eight two-sample K-
S tests (Houpt et al. 2013) (i.e., HH >HL, HH > LH, HL > LL,
LH > LL, HH <HL, HH < LH, HL < LL, and LH < LL). If the
selective-influence assumption holds, we expect that the for-
mer four tests are significant, and the latter four tests are not
significant. See Houpt and Townsend (2010) for more details.

If the selective-influence assumption is verified, we can
further compute the MIC, SIC, and CAND(t). In order to test
whether MIC was zero (i.e., consistent with serial processing,
see Table 1), a nonparametric bootstrapping method was used
to simulate 1000 samples for all the redundant-target condi-
tions and to construct the 95% confidence interval (CI) for
MIC (Van Zandt 2000). If the bootstrapped 95% CI for MIC
includes zero, the conclusion is that MIC is zero. Moreover,

Comput Brain Behav



two analyses were conducted to confirm whether SIC(t) = 0
for all times t (consistent with serial self-terminating process-
ing, see Table 1). First, we utilized a nonparametric
bootstrapping method to construct the 95% CI for the SICs
to confirm whether the value of the SIC was zero for all times
t.1 Second, we used the SFT R package (Houpt et al. 2013) to
separately assess the positive-going deviations from SIC = 0
and the negative-going deviations from SIC = 0. Two one-
sided K-S tests were conducted; one test tests whether the
largest positive value of the SIC (D+) is significantly different
from zero, and the other test tests whether the largest negative
value of the SIC (D−) is significantly different from zero
(Houpt-Townsend statistic (Houpt and Townsend 2010)).
Because the null hypothesis for the Houpt-Townsend statistic
is SIC(t) = 0 for all times t, a conservative significance level
would bias the test toward retaining the null hypothesis (i.e.,
serial self-terminating model). Rather than using the tradition-
al conservative cut-off for statistical significance (α = .05), we
use α = .33 for the applications of the Houpt-Townsend statis-
tic (Fox and Houpt 2016). Moreover, the same nonparametric
bootstrapping method was conducted to simulate the 95% CI
for CAND(t). If the 95% CI exceeds the CV upper bound (Eq.
4) or CV lower bound (Eq. 5) it is concluded that the UCIP
model is rejected, and a facilitatory (supercapacity) or an in-
hibitory (limited-capacity) model is more likely.2

Results

First, we note that accuracy was high in all the conditions (>
0.90), except that S3 was less accurate in the HL and LH
conditions when the cue validity was 100% and S4 also had
high error rates in the redundant-target conditions in both the
100% and 50% validity experiments. Accuracy rates for all
test conditions are reported in Table 2. The moderately low
accuracy (i.e., 0.68~0.84 in the 50% validity experiment for
S4) should not damage the inferences as previous simulation
has shown that the SIC inferences were still effective with the
moderately low accuracy (e.g., 0.7) (Fific et al. 2008).
However, the high error rates in the 100% validity experiment
for S4 suggests that this subject may not be applying the
appropriate decision strategy to detect the redundant targets.
There were still a minimum of 120 correct RTs for each con-
dition for each participant which allows for good estimation of
the RT distribution and subsequent inferences. The raw data
can be downloaded at https://github.com/yangct1115/exand.

The second point to note is that we observed an overall
cuing advantage across all test conditions for the 100% valid-
ity experiment (M = 374.39 ms, SD = 26.08 ms) compared to
the 50% validity experiment (M = 420.30 ms, SD = 37.48 ms)
[t(5) = − 2.83, p < .05]. We now turn to whether there were
differences in processing across conditions.

50% Cue Validity

Data from the practice trials was excluded from analysis and
correct RTs were extracted for further analysis. Table 3 shows
the mean RTs in the redundant-target conditions and MIC at
the individual level.

First, we tested the assumption of effective, selective influ-
ence. That is, the salience manipulation needs to have had a
significant main effect on RT, and the survivor functions
should be ordered such that HH < (LH, HL) < LL. We con-
firmed that the main effects of brightness were significant for
all the participants (ps < .05) except for S3 in the left position
and S4 in the right position (ps > .1). Visual inspection of the
survivor functions suggested that they were ordered appropri-
ately. We conducted eight two-sample K-S tests, including
HH > HL, HH > LH, HL > LL, LH > LL, HH < HL, HH <
LH, HL < LL, and LH < LL. Results showed that, for all the
participants, the former four tests were significant (ps < .01)
except for the following tests (HL > LL and LH > LL for S4
and S5), and all the latter four tests were not significant (p-
s > .5). Taken together, two levels of analyses converged to
suggest that the effective selective-influence assumption held.

We next computed MIC and SIC individually to infer the
processing architecture and the decisional stopping rule. All
the participants showed similar pattern of results. The ob-
servedMICwas negative for all the participants. The nonpara-
metric bootstrap results showed that the bootstrapped 95% CI
for MIC confirmed the pattern of results (see Fig. 2). The 95%
CI did not include 0 for S2, S5, and S6, but the 95% CIs did
include 0 for the rest of participants, suggesting that there
exists underadditive or parallel processing for some of the
participants (e.g., S2, S5, and S6).

Moreover, the nonparametric bootstrap results showed that
the 95% CI for SIC values were negative for most times t for
all the participants (see Fig. 3). We tested whether the largest
positive and negative deflections of the SIC were significantly
different from 0 using the D+ and D− statistics introduced by
Houpt and Townsend (2010). The D+ and D− statistics test
whether the positive and negative deviations of the SIC are
significantly different from 0, respectively. Based on the re-
sults of Fox and Houpt (2016), we adopted an alpha value of
.33 for these tests (this value works well in model recovery
simulations of this statistic). In line with the above results,D+
was not significantly different from 0 (ps > .9) and D− was
significantly different from 0 (ps < .2) for all the participants.
When we combined the results from MIC and SIC, we

1 Note that the inferences regarding the multiple time bins along the SIC
function based on 95% CI for SIC would result in an increase of family-wise
error rate, i.e., the probability of rejecting a true null hypothesis (serial pro-
cessing model). However, the current inferences were consistent with those
from the Houpt and Townsend statistics.
2 Similar to the inferences of 95% CI for SIC, we should be cautious to draw
conclusions from the 95% CI for C(t).
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inferred that all of the participants adopted parallel processing
and followed an exhaustive stopping rule for decision-making
(see Table 1). One exception to this is S4, who appear to have
on some trials incorrectly terminated with a target-absent re-
sponse on the redundant-target trials. This is evidenced by the
high error rate for this participant. Nonetheless, analysis of
S4’s correct trial data indicates that for these trials, the partic-
ipant adopted parallel exhaustive processing for the redundant
targets.

Next, we examined workload capacity (see Fig. 4). For S1,
S2, S3, and S4, the results showed that the bootstrapped 95%
CIs for CAND(t) were below 1 and close to the CV lower
bound for the faster RTs and the 95%CIs forCAND(t) included
1 for the slower RTs. These results suggest moderately
limited-capacity to unlimited-capacity processing. By

contrast, S5 and S6 showed that the bootstrapped 95% CIS
for CAND(t) included 1 for all the RTs, suggesting unlimited-
capacity processing.

In summary, the results of 50% validity experiment
showed that all the participants had similar patterns of
results, suggesting that each adopted a similar strategy
for redundant-target detection. Specifically, MIC was
smaller than zero and the SIC values were negative
for most times t, suggesting that all the participants
adopted parallel processing and followed an exhaustive
stopping rule. Although all the participants showed the
same processing architecture and decisional stopping
rule, there were individual differences in their process-
ing capacity. For S1, S2, S3, and S4, CAND(t) generally
suggested moderately limited-capacity to unlimited-

Table 2 Mean accuracy for the
redundant-target, single-target,
and target-absent conditions for
each participant in the 50% and
100% validity experiments

Experiment Experiment
order

Participant Test condition

HH HL LH LL Single
target

Target
absent

50%
validity

100% first S1 0.96 0.92 0.89 0.89 1.00 1.00

S2 0.99 0.93 0.96 0.91 1.00 1.00

S3 0.99 0.97 0.97 0.97 1.00 1.00

50% first S4 0.84 0.68 0.72 0.68 0.98 0.98

S5 1.00 0.98 0.96 0.96 1.00 1.00

S6 0.99 0.96 0.98 0.95 1.00 1.00

100%
validity

100% first S1 0.96 0.91 0.90 0.89 1.00 1.00

S2 0.99 0.97 0.97 0.96 1.00 1.00

S3 0.90 0.85 0.84 0.79 1.00 1.00

50% first S4 0.61 0.49 0.47 0.43 0.97 0.98

S5 0.99 0.98 0.99 0.97 1.00 1.00

S6 0.99 0.97 0.99 0.99 1.00 1.00

Table 3 Mean RTs (ms) for the
redundant-target, single-target,
and target-absent conditions and
theMIC for each participant in the
50% and 100% validity
experiments

Experiment Experiment
order

Participant Test condition MIC

HH HL LH LL Single
target

No
target

50%
validity

100% first S1 416 432 441 448 363 355 − 9
S2 419 491 447 488 379 334 − 31
S3 514 544 516 533 444 422 − 14

50% first S4 479 500 515 512 427 405 − 23
S5 484 527 530 529 460 420 − 44
S6 418 458 441 466 392 368 − 15

100%
validity

100% first S1 407 422 422 434 337 348 − 3
S2 380 401 395 415 331 319 − 1
S3 424 448 451 478 339 330 3

50% first S4 444 475 468 479 363 336 − 19
S5 428 473 464 495 384 360 − 14
S6 433 467 449 473 420 376 − 10
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capacity in information processing, which means that
adding another signal may decrease or may not affect
the eff iciency of individual-channel processing.
According to Eidels et al. (2011), limited-capacity parallel
processing suggests the potential existence of negative

interactions at the stage of information accumulation. For
S5 and S6, CAND(t) suggested unlimited capacity in infor-
mation processing, which means that adding another signal
may not affect the efficiency of individual-channel
processing.

S1

S2

S3

S4

S5

S6

50% Second 50% First

Fig. 2 Bootstrapped 95% confidence intervals for mean interaction contrast (MIC) for each participant in the 50% validity experiment. The vertical lines
give the 95% confidence bounds
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100% Cue Validity

We used the same criteria to analyze the data. Table 3
shows the mean RTs in the redundant-target conditions

and MIC for each participant. Prior to testing the MIC
and SIC, we first tested the assumption of effective, selec-
tive influence. Results showed that all the main effects of
brightness manipulations were significant for all the

S1 S4

S2 S5

S3 S6

50% Second 50% First

Fig. 3 Survivor interaction contrasts (SICs) for each participant in the 50% validity experiment. The solid line is the SIC value. The dotted lines show the
bootstrapped 95% confidence intervals for the SIC
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participants (ps < .01) except for S4 in the left position
(p = .08). We again conducted eight two-sample K-S tests,
including HH > HL, HH > LH, HL > LL, LH > LL, HH <
HL, HH < LH, HL < LL, and LH < LL. Results of the K-S

tests showed that, for all the participants, the former four
tests were significant (ps < .001) except for the following
tests (LH > LL for S4 and HL > LL for S4 and S6), and all
the latter four tests were not significant (ps > .5). These

S1

S3

S2

S4

S5

S6

50% Second 50% First

Fig. 4 Plots of the capacity coefficient for each participant in the 50%
validity experiment. The thick solid line shows the capacity coefficient,
CAND(t). The thin solid lines show the 95% confidence intervals forCAND

(t). The dashed line represents the Colonius-Vorberg lower bound. The
dash-dotted line represents the Colonius-Vorberg upper bound

Comput Brain Behav



results support the assumption that effective selective-
influence assumption held at the RT distribution level.

Then, we tested the MIC and SIC. The results re-
vealed some individual differences across participants.
For S1 and S3, the observed MIC was about zero (see
Table 3). In addition, the nonparametric bootstrap results
showed that the bootstrapped 95% CI for MIC included
zero (see Fig. 5). These results suggest the additive or
serial processing. Moreover, the nonparametric bootstrap
results showed that the 95% CI for SIC values went from
negative values to positive values across times t (see
Fig. 6). In line with the results, results of testing the
largest positive and negative values of SIC showed that
D+ was marginally significantly different from 0 (ps
< .33) and D− was significantly different from 0 (ps
< .15). When we combined the results from MIC and
SIC, we inferred that S1 and S3 adopted serial process-
ing and followed an exhaustive stopping rule for
decision-making (see Table 1).

For S2, the observed MIC was about zero (see
Table 3). In addition, the nonparametric bootstrap results
showed that the bootstrapped 95% CI for MIC included
zero (see Fig. 5). These results suggest the existence of
additive or serial processing. The nonparametric boot-
strap results showed that the 95% CI for SIC values were
0 for all times t (see Fig. 6). In line with the results,
results of testing the largest positive and negative values
of SIC showed that D+ and D− were not significantly
different from 0 (ps > .33). However, when we combined
the results from MIC and SIC, we inferred that S2
adopted serial processing (see Table 1). We could not
rule out the use of a self-terminating stopping rule; how-
ever, the pattern of the SIC is consistent with exhaustive
processing. Likewise, the high accuracy for this partici-
pant means that self-termination is unlikely.

S5 and S6 had similar patterns of results. The ob-
served MIC was smaller than zero (see Table 3). In ad-
dition, the nonparametric bootstrap results showed that
the bootstrapped 95% CI for MIC where shifted nega-
tively and only slightly included 0 (see Fig. 5) and the
95% CI for SIC values were negative for some times t
(see Fig. 6). The results of testing the largest positive
and negative values of SIC showed that D+ was not
significantly different from 0 (ps > .70) but D− was sig-
nificantly different from 0 (ps < .33). When we combined
the results from MIC and SIC, we inferred that S5 and
S6 adopted parallel processing and followed an exhaus-
tive stopping rule for decision-making (see Table 1).

Figure 7 shows the results of the processing capacity.
For S1, S2, S3, and S4, the results showed that the
bootstrapped 95% confidence interval for CAND(t)
exceeded the lower CV bound. These results suggested
very limited-capacity processing. By contrast, S5 and S6

showed that the bootstrapped 95% CI for CAND(t) includ-
ed 1 for all times t, suggesting unlimited-capacity
processing.

In summary, the results of 100% validity experiment
showed individual differences across participants. These indi-
vidual differences may have occurred because of the effect of
test order on the utilization of the knowledge of the cue valid-
ity to adjust the decision strategy.

For the participants who first completed the 100% validity
experiment (S1, S2, and S3), MIC was equal to zero (or, more
correctly, could not be significantly distinguished from zero).
For S1 and S3, SIC values went from negative values to pos-
itive values, suggesting serial exhaustive processing. For S2,
SIC values were equal to zero for all times t, suggesting serial
self-terminating processing. However, in an AND task, serial
self-terminating processing would lead to a high error rate
which we do not observe for S2. In the present case, serial
processing reflects an ordered processing of possible locations
by first processing the cued location then the uncued location
in line with the idea that attention is narrowly focused on the
cued location. A serial exhaustive search is reasonable and fits
our predications in the AND decision task. As serial process-
ing was adopted, CAND(t) suggests very limited capacity in
information processing, which means that adding another sig-
nal decreases the efficiency of processing on the original
signal.

For the participants who first completed the 50% validity
experiment (S5 and S6), MIC was smaller than zero and the
SIC values were negative for some times t, suggesting that all
the participants adopted parallel processing and followed an
exhaustive stopping rule to detect the redundant targets. Note
that S4 had high error rates in the redundant-target conditions,
suggesting that he may not apply appropriate decision strate-
gy. CAND(t) suggested very limited capacity for S4 but unlim-
ited capacity for S5 and S6. The limited-capacity or unlimited-
capacity parallel processing suggested that there was an inhib-
itory interaction or independent processing between the cued
and uncued locations.

Before turning to the discussion of our results, we wish to
urge caution about the comparison between the ordering con-
ditions. In the current method, task ordering is a between-
subjects manipulation. With three subjects per ordering con-
dition, we can provide no direct comparison between condi-
tions. Our focus is, however, on the specific processing archi-
tectures arising for each participant in each condition. These
results are clear for each subjects; the effect of task order
should then be considered exploratory.

General Discussion

Consistent with Yang et al. (2014), our results confirm
that cueing has an effect on the attentional strategy
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adopted by the participants in terms of the processing
architecture and workload capacity (see Table 4 for the
summary results). However, in the present AND task,
this change in strategy depends on the order in which
the cue validities are experienced. When the cue was

50% valid, all of the participants adopted a parallel ex-
haustive processing strategy. By contrast, in the 100%
cue validity experiment, participants adopted a serial ex-
haustive strategy if they completed the 100% validity
experiment before the 50% validity experiment. If the

S1

S2

S3

S4

S5

S6

100% First 100% Second

Fig. 5 Bootstrapped 95% confidence intervals for the mean interaction contrast (MIC) for each participant in the 100% validity experiment. The vertical
lines give the 95% confidence bounds
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100% validity experiment was completed second, then
processing remained parallel and exhaustive. The impli-
cation of these results is that participants are sensitive to
cue validity and the efficiency with which a serial strat-
egy can be traded off against a parallel strategy. The
recruitment of endogenous attention to a peripheral cue

therefore reflects a change in the underlying timing with
which the locations are attended.

Moreover, with practice, participants may be able to learn
to more efficiently apply a parallel strategy such that the max-
imum processing time can be made to be more efficient than
the sum of the times across both locations (i.e., serial

S1

S2

S3

S4

S5

S6

100% First 100% Second

Fig. 6 Survivor interaction contrasts (SICs) for each participant in the 100% validity experiment. The solid line is the SIC value. The dotted lines show
the bootstrapped 95% confidence intervals for SIC
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exhaustive processing). In the remainder of the paper, we first
discuss how the current results are related to the existing at-
tentional models. Second, we discuss this result in more detail
along with related findings which show changes in the

efficiency of attentional strategies with learning and practice.
We conclude that our result is novel because it involves the
maintenance and increase in the efficiency of a parallel
strategy.

S1

S2

S3

S4

S5

S6

100% First 100% Second

Fig. 7 Plots of the capacity coefficient for each participant in the 100%
validity experiment. The thick solid line shows CAND(t). The thin solid
lines show the 95% confidence intervals for CAND (t). The dashed line

represents the Colonius-Vorberg lower bound. The dash-dotted line rep-
resents the Colonius-Vorberg upper bound
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Orienting and Gain-Based Models of Attention

As we have discussed in the introduction, two well-known
classes of models can explain how people allocate attention
during information processing. Orienting models of attention
(Sewell and Smith 2012) assumes that attention must be allo-
cated to the appropriate location in order for the target stimu-
lus to pass through a limited-capacity channel (Broadbent
1958; Posner 1980), which are consistent with the serial pro-
cessing models. Alternatively, gain models of attention
(Kahneman 1973), considered a form of limited-capacity par-
allel processing models, assume that all the locations are proc-
essed simultaneously at different processing speeds.

Accordingly, both models would likely not predict that
there is a shift from the parallel processing strategy to the
serial processing strategy. Therefore, the current findings do
not support either of these models. Our results further high-
light the flexibility of an individual’s decision mechanism,
which is consistent with the relative saliency hypothesis pro-
posed by Yang (2011). That is, participants are able to exert
full top-down control to utilize the cue validity and select a
decision strategy to make an optimal decision. Moreover, our
results are not pure replications of the Yang et al.’s (2014)
study; we further demonstrated that the alternation of decision
strategy may depend on the order in which the cue validities
are experienced. In the following, we will discuss how pro-
cessing strategy changes with practice in terms of the infor-
mation processing efficiency.

Changes in Processing Efficiency with Learning

It is well-known that performance becomes more effi-
cient, faster, more accurate, and relatively more automat-
ic with practice (Anderson 1982; G. D. Logan 1988).
The decrease in RT with practice has been successfully
modeled using a power function across a variety of do-
mains (Gordon D. Logan 1992; Pirolli and Anderson

1985), but see Heathcote et al. (2002). There are a num-
ber of hypotheses which might account for this change in
efficiency. Some improvements in the efficiency of pro-
cessing are predicated on learning what elements to at-
tend to or learning how to appropriately group separate
elements into configurations. This latter process, termed
unitization or configural learning, is an important percep-
tual learning process (Goldstone 2000). Eye-tracking re-
sults suggest that attentional learning can result in an
inflexible strategy. For instance, Hoffman and Rehder
(2010) showed that, in multidimensional categorization,
practice results in a narrower attention profile. This re-
duces the number of different features or locations which
are actually encoded and limits the ability to shift atten-
tion to new information. That is, the narrowing of an
attentional profile with learning harms the ability to shift
attention to new elements when they become available
thereby resulting in decreased accuracy. In the current
paradigm, both the parallel and serial strategies produce
equivalent accuracy and differ only in their time courses.
Our results suggest that participants are sensitive to the
timing of their attentional strategy.

Blaha et al. (2009) showed that workload capacity in-
creased from limited to supercapacity with practice in catego-
rizing stimuli which changed from being processed in an ele-
mental fashion to being processed configurally. The capacity
coefficient thus provides a theoretically-motivated measure of
changes in configurality with practice. Under the assumption
of context invariance (Ashby and Townsend 1986; Colonius
1986, 1990; Colonius and Townsend 1997), a change from
limited to supercapacity should also be accompanied by a co-
occurring change from serial processing to coactivity (but see
Yang et al. 2018) for different explanation). Configural stimuli
composed of integral dimensions like brightness and satura-
tion (Little et al. 2013) and face-morphs (Blunden et al. 2014)
are processed coactively; these stimuli also routinely show
supercapacity when the task requires configural processing

Table 4 Summary of results for all participants

MIC/SIC results Capacity results MIC/SIC results Capacity results

100% first, 50% second

100% 50%

S1 Serial exhaustive Very limited; below lower bound Parallel exhaustive Unlimited-to-limited; close to lower bound

S2 Serial exhaustive Very limited; below lower bound Parallel exhaustive Unlimited-to-limited; close to lower bound

S3 Serial exhaustive Very limited; below lower bound Parallel exhaustive Unlimited-to-limited; close to lower bound

50% first, 100% second

50% 100%

S4 Parallel exhaustive Unlimited-to-limited;
close to lower bound

Uncertain Very limited; below lower bound

S5 Parallel exhaustive Unlimited Parallel exhaustive Unlimited

S6 Parallel exhaustive Unlimited Parallel exhaustive Unlimited
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(Blaha 2017). Consequently, we can rule out changes in effi-
ciency due to the emergence of configurality since we do not
observe any supercapacity or coactivity in the MIC or SIC.

There are a number of demonstrations using the diffusion
decision model (DDM) (Ratcliff 1978; Ratcliff and Rouder
1998; Sewell and Smith 2016) and related models
(Nosofsky and Alfonso-reese 1999) that drift rate, the rate of
evidence accumulation, increases with practice (Dutilh et al.
2009; Liu and Watanabe 2012; Ratcliff et al. 2006). Likewise,
there is a co-occurring decrease in the amount of evidence
needed to form a decision in the DDM along with decreases
in nondecision-related mechanisms (Dutilh et al. 2011; Dutilh
et al. 2009). One key point of difference from our results is
that the DDM assumes that the evidence can be represented as
a single, unitary value of drift rate. If participants were
performing in accord with this model, we would likely ob-
serve coactive processing rather than serial or parallel process-
ing (Fific et al. 2010). Our analyses, however, suggests that
attention is divided in parallel across locations but increases in
efficiency with practice.

Nonetheless, the locus of the improvement may be in the
rate of evidence accumulation for each channel along with
decreases in response bounds (Carrasco and McElree 2001).
It is important to point out that it is the relative efficiency of
the parallel process compared to the serial process which like-
ly results in the maintenance of the parallel strategy when the
100% validity experiment is completed second. This argu-
ment is supported by the current findings which showed a
trend that the workload capacity increased only when partic-
ipants maintained the parallel processing strategy in the 100%
validity experiment. However, due to the small sample size,
further work is encouraged to apply a Bayesian hierarchical
framework to verify the observation of changes in efficiency.
The implication is that performance is sensitive to the costs of
particular strategies allowing for optimal switching between
limited-capacity parallel processing and serial processing. It is
the trade-off between these costs which determines which
strategy is adopted.
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