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Banerjee S, Grover S, Ganesh S, Sridharan D. Sensory and
decisional components of endogenous attention are dissociable. J
Neurophysiol 122: 1538–1554, 2019. First published July 3, 2019;
doi:10.1152/jn.00257.2019.—Endogenous cueing of attention en-
hances sensory processing of the attended stimulus (perceptual sen-
sitivity) and prioritizes information from the attended location for
guiding behavioral decisions (spatial choice bias). Here, we test
whether sensitivity and bias effects of endogenous spatial attention are
under the control of common or distinct mechanisms. Human observ-
ers performed a multialternative visuospatial attention task with prob-
abilistic spatial cues. Observers’ behavioral choices were analyzed
with a recently developed multidimensional signal detection model
(the m-ADC model). The model effectively decoupled the effects of
spatial cueing on sensitivity from those on spatial bias and revealed
striking dissociations between them. Sensitivity was highest at the
cued location and not significantly different among uncued locations,
suggesting a spotlight-like allocation of sensory resources at the cued
location. On the other hand, bias varied systematically with cue
validity, suggesting a graded allocation of decisional priority across
locations. Cueing-induced modulations of sensitivity and bias were
uncorrelated within and across subjects. Bias, but not sensitivity,
correlated with key metrics of prioritized decision-making, including
reaction times and decision optimality indices. In addition, we devel-
oped a novel metric, differential risk curvature, for distinguishing bias
effects of attention from those of signal expectation. Differential risk
curvature correlated selectively with m-ADC model estimates of bias
but not with estimates of sensitivity. Our results reveal dissociable
effects of endogenous attention on perceptual sensitivity and choice
bias in a multialternative choice task and motivate the search for the
distinct neural correlates of each.

NEW & NOTEWORTHY Attention is often studied as a unitary
phenomenon. Yet, attention can both enhance the perception of
important stimuli (sensitivity) and prioritize such stimuli for decision-
making (bias). Employing a multialternative spatial attention task with
probabilistic cueing, we show that attention affects sensitivity and bias
through dissociable mechanisms. Specifically, the effects on sensitiv-
ity alone match the notion of an attentional “spotlight.” Our behav-
ioral model enables quantifying component processes of attention, and
identifying their respective neural correlates.

attention mechanisms; criteria; multialternative decisions; psycho-
physical models; signal detection theory; top-down attention

INTRODUCTION

Attention is the remarkable cognitive capacity that enables
us to select and process relevant information in our sensory
environment. In laboratory tasks, endogenous or voluntary
attention is typically engaged by cues that are predictive of
upcoming stimuli or events of interest. Numerous studies have
explored the behavioral and neural correlates of endogenous
cueing of attention and have reported the systematic effects of
cueing both on sensory processing (Bashinski and Bacharach
1980; Cohen and Maunsell 2009; Hawkins et al. 1990; Kastner
and Ungerleider 2000; Luck et al. 1996; McAdams and Maun-
sell 1999; Palmer and Moore 2009) and decision-making
(Baruni et al. 2015; Moran and Desimone 1985; Müller and
Findlay 1987; Palmer 1994; Shaw 1984). Signal detection
theory (SDT), a highly successful framework for the analysis
of behavior (Ashby 1992; Carandini and Churchland 2013;
Cohen and Maunsell 2009; Graham 1989; Green and Swets
1966; Hawkins et al. 1990; Macmillan and Creelman 2005;
Pestilli et al. 2011; Shaw 1984), provides two key metrics for
quantifying sensory and decisional effects of endogenous at-
tention: 1) perceptual sensitivity (d=), which measures the
improvement in sensory processing (signal-to-noise ratio) of
the attended stimulus; and 2) choice bias (or criterion), which
measures the priority afforded to attended information for
guiding behavioral decisions (Buschman and Kastner 2015;
Carandini and Churchland 2013). Whether the effects of en-
dogenous attention on sensitivity and bias are mediated by
common or distinct brain regions and mechanisms remains a
topic of active research (Buschman and Kastner 2015; Eckstein
et al. 2013; Krauzlis et al. 2014; Luck et al. 1996; Luo and
Maunsell 2015).

On the one hand, several studies suggest that the same brain
regions may mediate sensory and decisional effects of atten-
tion. For instance, occipital and temporal areas, typically as-
sociated with sensory (visual form) processing, are known to
exhibit criterion-related activity (Li et al. 2012; White et al.
2012) in two-alternative forced choice (2-AFC) perceptual
discrimination tasks. Similarly, microstimulating the frontal
eye field (FEF) has been shown to modulate neuronal firing
rates (and signal-to-noise ratio) in V4 neurons, suggesting a
key role of the FEF in sensitivity modulation (Moore and
Armstrong 2003; Noudoost et al. 2010). Nonetheless, the FEF
has also been implicated in modulating decision criteria in a
speed discrimination task (Ferrera et al. 2009). Similarly,
activity in other frontal areas, including the anterior prefrontal
cortex and dorsolateral prefrontal cortex, associated with early
representation of visual stimuli is also known to modulate with
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criterion changes and decision confidence in a range of 2-AFC
perceptual decision tasks, involving stimulus detection, con-
trast, or orientation discrimination (de Lafuente and Romo
2005; Fleming et al. 2010; Katsuki and Constantinidis 2012;
Rahnev et al. 2016). Following these reports, a recent study
showed that lateral prefrontal cortical activity reflects modula-
tions of both sensitivity and criteria in a 2-AFC attention task
involving orientation change detection (Luo and Maunsell
2018). Along the same lines, parietal cortical areas including
the intraparietal sulcus and the lateral intraparietal area not
only show decision-related activity (Kiani and Shadlen 2009;
Platt and Glimcher 1999; Rorie and Newsome 2005; Shadlen
and Newsome 2001) but also closely predict visual cortical
responses during stimulus anticipation (Bressler et al. 2008).
Similarly, recent literature suggests that superior colliculus
(SC), a midbrain structure, could be involved in the modulation
of both sensitivity and choice criteria (Crapse et al. 2018;
Lovejoy and Krauzlis 2017) during discrimination and detec-
tion tasks.

On the other hand, other studies have suggested that sensi-
tivity and bias effects of attention are mediated by distinct
brain regions. For instance, Luo and Maunsell (2015) sug-
gested that visual cortical (area V4) neurons are specifically
modulated by attentional changes in sensitivity but not criteria.
Similarly, a recent modeling study (Sridharan et al. 2017)
reanalyzed behavioral data from previous perceptual detection
and discrimination studies that either microstimulated or inac-

tivated the SC and concluded that the SC is involved selec-
tively in modulating bias, but not sensitivity, in attention tasks.
These results were confirmed by other experimental studies,
which showed that SC activity during perceptual detection, or
discrimination, was correlated with decision criteria alone
(Crapse et al. 2018; Grimaldi et al. 2018). Similarly, other
recent studies have suggested a specific role for the striatum in
modulating decision criteria, rather than sensitivity (Wang et
al. 2018).

While there is active interest in identifying the specific
neural bases of sensitivity and bias, the diversity of task and
reward paradigms employed in the aforementioned studies
render these behaviors challenging to analyze and compare in
a common, normative framework (Chanes et al. 2013; Luo and
Maunsell 2015; see also DISCUSSION). Perhaps, as a result,
previous studies have reported directly contradictory results,
for instance, regarding the involvement of V4 (Baruni et al.
2015; Luo and Maunsell 2015) or the SC (Lovejoy and Krauz-
lis 2017; Sridharan et al. 2017) in sensitivity versus bias
modulation by attention.

Here, we employed an endogenous attention task, with
spatial probabilistic cueing (Fig. 1A), that involves detecting
changes in target orientation at one of several locations. Our
task is a variant of the standard Posner cueing task with
multiple stimulus locations, which is ubiquitous in attention
literature (Cavanaugh and Wurtz 2004; Cohen and Maunsell
2009; Corbetta et al. 2000; Williford and Maunsell 2006).
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Fig. 1. A model for analyzing behavior in multialternative attention tasks. A: a probabilistically cued attention task involving change detection. After fixation (500
ms), 4 Gabor patches appeared (200 ms) followed by an attentional cue (central arrow). After a variable delay all patches disappeared briefly (100 ms). Upon
reappearance, either 1 of 4 patches had changed in orientation (“change”) or none had changed (“no change”). After 200 ms, the subject had to indicate the
location of change, or no change, by pressing 1 of 5 buttons. B: multiple 1-dimensional signal detection models representing independent change versus no change
decisions at each location. Black Gaussians: noise distribution for “no change” trials. Red and blue Gaussians: signal distribution for “change” trials at the cued
location and uncued location, respectively. Dashed vertical lines: means of signal and noise distributions, whose difference quantifies sensitivity (d=) at each
location. Solid vertical lines: criterion (detection threshold) at each location (c). C: multidimensional (m-ADC) signal detection model for changes at the cued
and one uncued location. Orthogonal axes: decision variables at each location. Circles: Gaussian decision variable distribution for “change” trials at the cued
location (red), uncued location (light blue), and “no change” trials (black). Thin and thick contours: lower and higher sensitivity values respectively. Thick gray
lines: decision manifold delineating cued, uncued and no change decision domains. Gaussians along the axes: marginal densities at each location. D: color scheme
denoting different locations. Red: cued location (Cued); green: opposite to cue (Opp); blue: adjacent to cue, either in the same (Adj-Ipsi) or contralateral hemifield
(Adj-Contra). E: proportion of change events at each location for blocks with high cue validity (left) and neutrally cued blocks (right). F: contingency table from
a representative behavioral session. Rows: change locations; columns: response locations, both relative to the cue. Color conventions are as in D. Gray: no change.
G: response proportions (gray circles) fitted with the 4-ADC model plotted against actual response proportions. Data points: response probabilities for each
stimulus-response contingency at each angle (across n � 30 subjects). Top inset: subset of contingencies used for fitting. Right inset: distribution of goodness
of fit P values across subjects. H: predicted proportions (blue circles) plotted against actual response proportions by fitting hits and false alarms (details in text).
Small gray circles: fitted proportions. Other conventions are as in G.
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However, in practice, such tasks are challenging to analyze
with conventional SDT models because, even in their simplest
form, such tasks are multialternative tasks. They require a
choice among several (at least 3 or more) alternatives on each
trial: event at the cued location, event at one or more uncued
location(s) or no event. These tasks cannot be correctly ana-
lyzed with a combination of one-dimensional SDT models
(Fig. 1B) because such a formulation assumes that the decision
(event versus no event) at each location is independent of the
decisions at other locations; the latter assumption is not true for
multialternative tasks (see also Sridharan et al. 2014).

To address this challenge, we analyzed behavioral data in
our task with a recently developed multidimensional signal
detection model (the m-ADC model), which overcomes the
pitfalls of analyses with one-dimensional models (Sridharan et
al. 2014, 2017) (Fig. 1C). The model decouples, and separately
quantifies, sensitivity and bias from participants’ responses in
the stimulus-response contingency table (Fig. 1F). With this
task and model, we asked whether endogenous cueing of
attention engages common or distinct mechanisms for modu-
lating sensitivity and bias. In addition, we developed a novel
bias measure that decouples the effects of attention from signal
expectation, an emerging topic of interest (Simon et al. 2019;
Summerfield and Egner 2009). The results reveal dissociable
effects of endogenous cueing on sensitivity and bias modula-
tion during predictively cued endogenous attention tasks, in
human participants.

MATERIALS AND METHODS

Participants

Thirty-seven subjects (21 men; age range: 19–60 yr; median age:
22 yr) with no known history of neurological disorders and with
normal or corrected-to-normal vision participated in the experiment.
All participants provided written informed consent, and all experi-
mental procedures were approved by the Institute Human Ethics
Committee at the Indian Institute of Science, Bangalore. Seven
subjects were excluded from analysis because of improper gaze
fixation (see Eye tracking). Data from 30 subjects were included in the
final analysis.

m-ADC Model Description

SDT provides a rigorous framework for quantifying perceptual
sensitivity (e.g., the quality of sensory information processing) as
distinct from choice bias (e.g., the relative weighting of sensory
evidence from different locations) with behavioral data. Sensitivity is
quantified with an index of discriminability (d=) that measures how
readily a signal event (here, change) can be distinguished from noise
(no change) at each location. Bias is quantified with a choice criterion
that represents a threshold for the amount of evidence needed at a
particular location before the subject decides that the event of interest
(here, the change) occurred at that location. When a stimulus at a
particular location is attended, it is expected that either one or both of
these components are altered: perceptual sensitivity for the attended
target may increase (d=) and/or greater choice bias may be afforded to
target-related information. Conventional, one-dimensional SDT mod-
els do not suffice to quantify sensitivity and bias in “standard” spatial
attention tasks (e.g., Fig. 1A): even the simplest version of this task,
with only two potential stimulus locations (cued and uncued), is a
multialternative task that requires the subject to make one of three
choices: change at the cued location, change at the uncued location, or
no change. Such tasks cannot be adequately fit with a combination of

one-dimensional signal detection models (Fig. 1B); the reasons are
elaborated in Sridharan et al. (2014) (p. 3–5).

We recently developed a behavioral model based on a multidimen-
sional extension to SDT, the m-ADC model, to quantify sensitivity
and bias in standard attention tasks involving any number of stimulus
alternatives (Sridharan et al. 2014); such tasks are extensively used in
human and nonhuman primate attention studies (Cohen and Maunsell
2009; Corbetta et al. 2000; Lovejoy and Krauzlis 2017; Zénon and
Krauzlis 2012). Here, we recapitulate essential features of the model
and present an overview of how the model estimates sensitivity and
bias from observers’ behavioral responses in such attention tasks; a
detailed, quantitative description of the model is available in Sridha-
ran et al. (2014, 2017).

Consider a five-alternative attention task (Fig. 1A). In this task, the
subject has to detect an orientation change that can occur at any one
(or none) of four locations and indicate which of the five possible
events occurred. This entails making a decision by comparing per-
ceptual evidence for the change event at each of the four locations as
well as the no change event. Five categories of stimulus-response
contingencies occur in the 5 � 5 contingency table (Fig. 1F): 1) hits
(elements along the diagonal, except the bottom right), wherein the
subject correctly localizes the change; 2) correct rejections (the
bottom right element), wherein the subject correctly reports a no
change event; 3) misses (last column, except the bottom right ele-
ment), wherein the subject misses the change event and reports no
change; 4) false alarms (last row, except the bottom right element)
wherein the subject indicates change at a location, when no changes
occurred at any location; and 5) mis-localizations (all others), wherein
the subject correctly reports a change event but localizes it to an
incorrect location. Fitting the m-ADC model requires computing the
proportion of these different categories of responses in the contin-
gency table for each subject. The proportion of hits and false alarms
at each location determines the subject’s perceptual sensitivity to
changes at that location. Nevertheless, an accurate estimate of sensi-
tivity requires factoring in idiosyncratic, as well as cue-induced,
biases that are part of subjects’ decision-making strategies. The
proportion of false alarms at each location is indicative (although not
entirely informative) of these biases. The m-ADC model defines
formal mathematical relationships linking sensitivities and criteria at
each location to the proportions of each type of response (Sridharan et
al. 2014, p. 5–7).

To provide an intuition for how the m-ADC model relates sensi-
tivities and criteria to response proportions, consider the schematic of
a two-dimensional signal-detection model for the 2-ADC task (task
with two potential change locations and a no change response; Fig.
1C). In this model, the observer’s decision is modeled in a two-
dimensional decision space, based on a bivariate decision variable
(�). The decision variable components for the cued and uncued
locations, represented along the x- and y-axes respectively (Fig. 1C),
are Gaussian random variables that take on values on each trial
according to which event occurred on that trial; we term these
components �cued and �uncued. Their values are indicative of the
strength of the perceived signal at each location. The decision variable
distribution for the “no change” event has a mean of zero as is
conventional in SDT and is therefore centered at the origin (Fig. 1C,
black distribution). In case of a change event (signal) at the cued
location, the decision variable distribution translates along the x-axis
(Fig. 1C, red distribution; �|SC), and in case of a change event at the
uncued location, the decision variable distribution translates along the
y-axis (Fig. 1C, blue distribution; �|SUC). The separation of the signal
distribution at each location (Fig. 1C, red or blue distributions) from
the noise distribution (Fig. 1C, black distribution) quantifies the
subject’s perceptual sensitivity for detecting changes at the respective
location (d=cued and d=uncued). Geometrically, this corresponds to the
distance of the mean of each signal distribution (measured in units of
noise standard deviation) from the mean of the noise distribution.
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The m-ADC model posits that, to decide where the change oc-
curred, the subject adopts two threshold values, ccued and cuncued

(criteria). The subject’s decision is modeled as follows: events that
result in �cued exceeding ccued produce a localization response indi-
cating “change” at the cued location, provided �uncued does not
exceed cuncued. Conversely, events that result in �uncued exceeding
cuncued produce a localization response at the uncued location, pro-
vided �cued does not exceed ccued. If neither �cued nor �uncued exceed
criteria, ccued and cuncued, respectively, the subject indicates a “no
change” response. If both �cued and �uncued exceed criteria ccued and
cuncued, respectively, then the subject indicates a location of change at
which � exceeds the respective c by a larger value (�cued � ccued ��
�uncued – cuncued). Geometrically, this decision rule corresponds to the
observer making a choice among three alternatives, based on a set of
planar decision boundaries (Fig. 1C, thick solid gray lines) that divide
the decision space into three decision zones corresponding to change
at the cued location (Fig. 1C, red shading), change at the uncued
location (Fig. 1C, blue shading), and no change (Fig. 1C, gray
shading). These decision boundaries belong to the family of optimal
decision surfaces, are parameterized by the two decision criteria (ccued

and cuncued), and can be related analytically to sensory evidence,
priors, and payoffs at each location (Sridharan et al. 2014, p. 4-6). The
integral of the decision variable distribution (�|SC, �|SUC), within
each decision zone, represents the probability of the corresponding
choice (change at cued location, uncued location, or no change).

m-ADC model parameters, perceptual sensitivities (d=cued and
d=uncued), and criteria (ccued and cuncued) at each location, are estimated
to fit response probabilities in the 5 � 5 contingency table, with a
maximum likelihood (ML) estimation procedure (Sridharan et al.
2014). Bias metrics are computed from estimates of d= and c using
choice criterion and likelihood ratio measures (described in Comput-
ing psychophysical parameters and their modulations).

In this study, we extend the m-ADC model by deriving, de novo,
an optimal decision rule for task designs that employ the method of
constant stimuli. In these tasks, performance is measured by
presenting stimuli at various, unpredictable strengths (e.g., contrast
or magnitude of orientation change) at each location. These in-
clude, for example, attention tasks in which the full psychometric
function is measured at both cued and uncued locations. The
decision rule is constructed from optimal decision theory for
minimizing Bayesian risk or maximizing Bayesian utility, and the
resultant optimal decision manifold is shown in Supplemental Fig.
S1E; (all Supplemental Materials are available at https://figshare.
com/s/b4b1f34ae4087420bd85). We derive the decision rule in
detail in Supplemental Data: Appendix.

Experimental Design

Task. Subjects were tested on a cued, five-alternative change
detection task (Fig. 1A). Subjects were seated in an isolated room,
with head positioned on a chin rest 60 cm from the center of a contrast
calibrated visual display (22-in. LG LCD monitor, X-Rite i1 Spectro-
photometer). Stimuli were programmed with Psychtoolbox (version
3.0.11) (Brainard 1997) using MATLAB R2014b (Natick, MA).
Responses were recorded with an RB-840 response box (Cedrus).
Subjects were instructed to maintain fixation on a central fixation
cross during the experiment. Fixation was monitored with a 60-Hz
infrared eyetracker (Gazepoint GP3). Subjects began the task by
fixating on a fixation cross at the center of a gray screen (0.5°
diameter). Following 200 ms, four high-contrast Gabor patches ap-
peared, one in each visual quadrant (Fig. 1A) at a distance of 3.5° from
the fixation cross (Gabor standard deviation � 0.6°; grating spatial
frequency, 2 cycles/°; luminance Lmax � 42.3 cd/m2; Lmin � 0.1
cd/m2; and background luminance: 10.0 cd/m2). The orientation of
each Gabor patch was drawn from a uniform random distribution
(within a range of 0–180°), independently of the other patches, and
pseudorandomized across trials. After another 500 ms, a central cue

(directed line segment, 0.37° in length) appeared. After a variable
delay (600–2,200 ms, drawn from an exponential distribution), the
stimuli briefly disappeared (100 ms) and reappeared; stimuli persisted
on the screen until the subject’s response. Following reappearance
either one of the four stimuli had changed in orientation or none had
changed. The subject had to indicate the location of change, or
indicate “no change” by pressing one of five buttons on the response
box; the locations of the response buttons were congruent with those
of the four potential change locations (Supplemental Fig. S1F).

All trials were cued toward one of the four locations, but an
orientation change occurred only in a subset of trials. We term trials
in which a change in orientation occurred in one of the four gratings
as “change” trials, and trials in which no change in orientation
occurred as “catch” or “no change” trials. Twenty-five percent of all
trials were no change trials, and the remaining 75% were change
trials. We term the location toward which the cue was directed as the
“cued” (C) location, the location diagonally opposite to the cued
location as the “opposite” (O) location, and two other locations as
“adjacent-ipsilateral” (A-I) or “adjacent-contralateral” (A-C) loca-
tions, depending on whether these were in the same or opposite visual
hemifield, respectively, to the cued location. Changes occurred at the
cued location on two-thirds of the change trials, at the opposite
location on one-sixth of the change trials, and at each of the adjacent
locations on one-twelfth of the change trials. Thus the cue had a
conditional validity of 67% (Fig. 1E, left) on change trials, and an
overall validity of 50%. The experiment was run in 6 blocks of 48
trials each (total 288 trials per subject), with no feedback. In a training
session before the experiment, subjects completed 96 trials (2 blocks)
with explicit feedback provided at the end of each trial about the
location of the change and the correctness of their response. Data from
these training blocks were not used for further analyses.

Ten subjects were tested on a version of the task that incorporated
neutrally cued blocks. In this task, subjects were tested on a total of
eight experimental blocks (48 trials each; total 384 trials), with four
blocks comprising predictively cued trials (as before) and the remain-
ing four blocks comprised neutrally cued trials. On neutrally cued
trials, the cue comprised of four directed line segments, each pointing
toward one of the stimuli in each of the four quadrants (Fig. 1A), and
changes were equally likely at all four locations (Fig. 1E, right).
Subjects were informed by on-screen instructions before the begin-
ning of each block as to whether it was a predictive cueing or neutral
cueing block, and the order of blocks were counterbalanced and
pseudorandomized across subjects. All other training and testing
protocols remained the same as before.

Eye tracking. Subjects’ gaze was binocularly tracked, and the
deviation in their gaze from the fixation cross was recorded and stored
in degrees. Trials in which the eye position deviated by more than 2°
from fixation either in the x- or in the y-direction, from the onset of the
Gabors until the final response, were removed from further analysis.
Blinks were detected during the cue period based on custom MAT-
LAB code using the eyetracker data as input. All of our subjects were
South Asian, and several exhibited dark pigmentation of the iris,
rendering it challenging to distinguish from the pupil. Hence, the
contrast of the pupil (relative to the iris) was weak, and the tracker
occasionally lost the location of the pupil; trials in which blinks
occurred or the tracker lost the pupil location for �100 ms continu-
ously were excluded from the analysis. Finally, we excluded all
subjects for whom the combined rejection rate (from eye deviation
and lost tracking) was �30% (7/37 subjects). Among the set of
subjects who remained (n � 30), the median rejection rate was 8.6%
[4.2–17.7%]. We also confirmed with a randomization test, based on
the �2-statistic (see below), that these rejected trials did not signifi-
cantly alter the distribution of responses in the contingency table for
any subject (P values for distributions before and after rejection: 0.99,
median across subjects).
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Statistical Analysis

Contingency tables. Subjects’ responses in the task were used to
construct 5 � 5 stimulus-response contingency tables, with change
locations relative to the cued location in the rows and response
locations relative to the cued location in the columns; no change
events and responses were represented in row 5 and column 5,
respectively. Thus each contingency table comprised five categories
of responses: hits (H), misses (M), false alarms (FA), mislocalizations
(ML), and correct rejections (CR; Fig.1F). Since six values of orien-
tation changes were tested at each location, the contingency table
contained 100 independent observations: 24 (6 � 4) hits, 72 (6 � 12)
mislocalizations, and 4 false alarms (by definition, false alarms do not
depend on orientation change magnitude). These correspond to the
number of independent response proportions in the contingency table,
and the m-ADC model was fit to these responses.

Psychometric and psychophysical functions. To compute the psy-
chometric function (percent correct as a function of orientation change
angle), we calculated for each location, relative to the cue, the
proportion of trials in which the subject detected and localized the
change accurately, relative to all trials in which the change occurred
at that particular location. Percent correct values, across all angles of
orientation change, were fitted with a three-parameter sigmoid func-
tion to generate the psychometric function (Fig. 2A, top). Psychomet-
ric functions in 24/30 subjects were estimated with a set of six change
angles spanning 2 to 90° (2, 10, 15, 25, 45, and 90°), presented in an
interleaved, pseudorandomized order across locations. As the psycho-
metric function tended to saturate at ~45°, the remaining 6/30 sub-
jects’ psychometric functions were estimated with a set of 6 change
angles spanning 2–45°. The analyses were repeated by excluding this
latter set of six subjects, who were tested on the more limited range of
angles, and in all cases we obtained results similar to those reported
in the main text. A single, combined psychometric curve was gener-
ated by pooling contingencies across all subjects and computing the
above metrics for the pooled data (Fig. 2A, top). False alarm and
correct rejection rates were calculated based, respectively, on sub-
jects’ incorrect and correct responses during no change trials.

Model fitting and prediction analyses. To compute the psychophys-
ical function (sensitivity as a function of orientation change angle),
individual subjects’ response contingencies were fitted with the m-
ADC model described previously. We estimated sensitivities and
criteria with maximum likelihood estimation (MLE), using a proce-
dure described previously (Sridharan et al. 2014). Sensitivity is

expected to change depending on the magnitude of stimulus strength
(change angle value); hence, different sensitivity values were esti-
mated for each change angle tested. On the other hand, the criterion at
each location was estimated as a single, uniform value across change
angles; as change angle magnitudes at each location were distributed
pseudorandomly, it is reasonable to expect that subjects could not
anticipate and, hence, alter their criterion for different values of
change angles. Thus, the model estimated 28 parameters (6 d= values
for each of the 4 locations and 4 criteria) from 100 independent
observations in the contingency table.

We simplified m-ADC model estimation further using the follow-
ing approach: as the probability of change was identical across the
adjacent-ipsilateral and adjacent-contralateral locations (Fig. 1E, left),
we compared the parameters (sensitivities, criteria) estimated for these
two locations. Sensitivities and criteria were strongly correlated (op-
posite vs. adjacent: d=: � � 0.58, P � 0.002; c: � � 0.74, P � 0.0001)
and not significantly different between these locations (difference of
ipsilateral vs. contralateral medians: �d= � 0.07, �c � 0.03, P � 0.5,
Wilcoxon signed rank test). Thus, responses from cue ipsilateral and
contralateral sides were averaged and treated as a single “adjacent”
contingency in the contingency table. Therefore, the m-ADC model
estimated 21 parameters (6 d= values for each of the 3 locations, cued,
opposite and adjacent, and their corresponding 3 criteria) from 63
independent observations in the contingency table. In all of the
subsequent analyses, we report psychophysical parameters calculated
for these three locations relative to the cue, treating the two cue-
adjacent locations (A-I and A-C) as a single “adjacent” location (A).
Occasionally, parameters are reported as a single value for uncued
locations; these were based on their average values across all three
uncued locations.

For the behavior prediction analysis (Fig. 1H and Supplemental
Fig. S1, B and C) model fitting was done with only subsets of
contingencies (hits and false alarms, hits and misses, or misses and
false alarms), as described in RESULTS. The predicted contingency
table was compared with the observed contingency table with a
goodness-of-fit (randomization) test (see Statistical tests, correlations,
and goodness-of-fit).

Psychophysical function fits. The psychophysical function was
generated by fitting the sensitivity values across angles at each
location with a three-parameter Naka-Rushton function allowing as-
ymptotic sensitivity (dmax) and orientation change value at half-max
(��50) to vary as free parameters, keeping the slope parameter (n)

Cued Cued

Opp
Opp

Adj
Adj

20
10
0 0 0

θ∆θ∆

Cued
Opp

Adj
Cued

Opp
Adj

Cued
Opp

Adj
Cued

Opp
Adj

Cued
Opp

Adj

Se
ns

iti
vi

ty

Se
ns

iti
vi

ty
C

rit
er

io
n

d m
ax

Cued
Opp

Adj
Cued

Opp
Adj

θ 5
0

B
ia

s(
C

C
) 0.6

0.8

0.4

-0.2

  0.2

Bi
as

(L
R

)

CA B

*** ***
***

***
****

**60
40
20
0

30

100

80

60
40

20
0 0

0

0

0

00 30 60 90 30 60 90

2

1.5

1.5

1

1

1

0.5

0.5

0.5

0

1

0.5
2

3

0.2

0.3

1 0.1

***
***

***
***

***
***

**

*

***
***

 No Ch.

H
it 

R
at

e
C

R
 R

at
e

FA
 R

at
e

Fig. 2. Sensitivity and bias changes induced by endogenous cueing. A, top: average psychometric function (n � 30 subjects) showing hit rates across different
change-angles (��). Curves: sigmoid fit. A, bottom: mean correct rejection (CR; left) and mean false alarm rates (FA; right). Error bars � jackknife SE. Color
conventions are red: cued location (Cued); green: opposite to cue (Opp); blue: adjacent to cue (Adj), averaged across the ipsilateral and contralateral hemifields
(*P � 0.05, **P � 0.01, ***P � 0.001). B, top: average psychophysical functions showing sensitivity at different change angles. Curves: Naka-Rushton fit. B,
bottom: asymptotic sensitivity (dmax; left) and change angle at half-maximum sensitivity (��50; right). Other conventions are as in A. C: median sensitivity (top
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fixed at 2; a value determined from pilot fits to the data (Herrmann et
al. 2010). As before, a single combined psychophysical curve was
generated by pooling contingencies across all subjects and computing
the above metrics for the pooled data (Fig. 2B, top). Values of dmax

and ��50 reported in the main text correspond to pooled psychophys-
ical fits with jackknife error bars (Fig. 2B, bottom left and right). Tests
of significant differences in dmax and ��50 values across locations
were performed with a random permutation test: by comparing the
true differences in values against a null distribution of differences
calculated from contingency tables obtained by randomly shuffling,
1,000 times, the labels across change event locations (cued, opposite,
and adjacent).

Computing psychophysical parameters and their modulations. Af-
ter fitting the m-ADC model to the contingency table to estimate
sensitivity and criteria, we computed, at each location, the mean
sensitivity (d=av; average value across change angles), as well as two
measures of bias: the choice criterion (bCC � c-d=av/2), and the
likelihood ratio (bLR; see Supplemental Data: Appendix, Eq. 12; also
see RESULTS). For Gaussian decision variable distributions, both mea-
sures of bias are closely related (bLR � exp[�d= � bCC]).

In addition, we computed two measures to quantify attentional
modulation of these parameters induced by endogenous cueing: a
difference index and a modulation index. The attention difference
index (ADI) for each parameter was computed as the difference
between the values of the respective parameter at the cued location,
and its average value across uncued locations (e.g., d=ADI � d=cued –
d=uncued) whereas the attention modulation index (AMI) was com-
puted as the ratio of the difference of the parameters at the cued and
uncued locations to their sum [e.g., d=AMI � (d=cued – d=uncued)/
(d=cued 	 d=uncued)].

Statistical tests, correlations, and goodness-of-fit. Unless otherwise
stated, pairwise comparisons of different parameter values (e.g., mean
d= or bias) across locations were performed with the nonparametric
Wilcoxon signed rank test with false discovery rate (Benjamini-
Hochberg) correction for multiple comparisons. Correlations across
different parameter values or modulation indices were typically Pear-
son correlations. For the optimal behavior, choice theory, and reaction
time (RT) analyses, robust correlations (“percentage-bend” correla-
tions) were computed to prevent outlier data points dominating the
correlations (Wilcox 1994). Goodness-of-fit of the model to the data
was assessed using a randomization test based on the �2-statistic; the
procedure is described in detail elsewhere (Sridharan et al. 2017). A
small P value (e.g., P � 0.05) for the goodness-of-fit statistic indicates
that the model fit deviated significantly from the observations.

To test whether there was covariation between sensitivity and bias
within each subject’s data, we adopted the following procedure: two
contingency tables were constructed for each subject, with responses
drawn from the first half of her/his respective session (first one-half of
the trials) and the second half (last one-half of trials). Psychophysical
parameters were estimated from these two subsets of data yielding
two measures of each psychophysical parameter per subject. An
n-way ANOVA analysis was performed with each measure of bias
(bCC, bLR) as the response variable and sensitivity as a continuous
predictor, with subjects as random effects.

Model comparison analysis. We compared the goodness of fit of
our default model with two other models, one that assumed equal
sensitivities at all uncued locations (m-ADCeq-d model; d=opp � d=adj)
and one that assumed equal criteria at all uncued locations (m-
ADCeq-c model; copp � cadj). Models were compared with the Akaike
Information Criterion (AIC), which represents a tradeoff between
model complexity (the number of fitted model parameters) and good-
ness-of-fit (based on the log-likelihood function); a lower AIC score
represents a better candidate model; similar results were obtained
when using the Bayesian Information Criterion. The number of fitted
parameters in the m-ADCeq-d model was 15 (as compared with 21 for
the standard m-ADC model) and was 20 in the m-ADCeq-c model.

Analysis of RTs. RTs were computed as the time from change onset
to the time of response; no time limit was placed on responses, but
subjects were asked to respond as quickly as possible. For each
subject, trials in which RTs fell outside 3 standard deviations from
their mean RT were considered outliers and excluded from further
analysis. Each subject’s mean RT at each location was normalized by
dividing by the median RT at the cued location across all subjects and
correlated with psychophysical parameter estimates at the respective
location. Partial correlations were performed to identify dependencies
between RT and measures of bias while controlling for the effects of
d= and vice versa. We also performed multilinear regression analysis
with RT as the response variable and change angle, mean sensitivity,
and bias at each location as predictors; all predictors were scaled to
zero mean and unit variance before the analysis. Regression coeffi-
cient magnitudes for sensitivity (�d=) and bias (�b-LR) were compared
with a permutation test; we constructed a null distribution of regres-
sion coefficient differences by shuffling the location labels for the d=
and bias values randomly and independently across subjects. To
discount the contribution of motor bias, “robust correlations” were
computed between mean RTs and mean false alarm rates for each
experimental block after subtracting the mean RT and false alarm
values subject-wise to account for subject specific effects. An n-way
ANOVA was applied, as before, treating RT as the response variable
with false alarm rates as continuous predictors and subjects as random
factors.

Analysis of optimal decisions. Optimal decisions, in the m-ADC
model framework, seek to minimize risk or maximize utility (Supple-
mental Data: Appendix, Eq. 3). Under certain assumptions (e.g., the
costs associated with all types of errors are identical), optimal decision
surfaces comprise hyperplanes in the multidimensional decision
space. Our model fitting analysis suggested that observers’ choices
were consistent with having employed this family of planar decision
surfaces (as defined in Supplemental Data: Appendix, Eqs. 12, 13, and
14). But how did subjects decide which specific planar decision
surface to adopt from among this family?

One possibility is that subjects sought to maximize the number of
correct responses and minimize the number of errors. In this case, cost
ratio at location j, �obs-j � (C0

0 � C0
j)/(C

j
j � Cj

0) � (CCR �
CFA)/(CHit � CMiss) � 1 (where Cx

y is the cost of responding to
location y when the event occurred at location x). Yet, we noticed that
�j, calculated as �j� (pj/ pi)/bLR-j (Supplemental Data: Appendix,
Eqs. 8, 10, and 11) systematically deviated from 1 across the popu-
lation of subjects (Fig. 4F), suggesting that subjects did not assume an
equal relative cost for false alarms versus correct rejections and
misses versus hits. We also noticed that �obs was different for the
different locations, being predominantly greater than 1 at the cued
location and less than 1 at uncued locations (Fig. 4F). Since there is
only one type of correct rejection response, and since the model
assumes that the cost for false alarms to each location is identical
(Supplemental Data: Appendix, Eq. 7), it would be implausible to
assume that subjects adopted a different relative cost of hits to misses
at the different locations (cued, opposite, adjacent). Rather, we pro-
posed that the reason for the difference in �obs across the different
locations was because each subject assumed a single, common cost
ratio (�s

opt) at all locations but deviated from this (subjectively)
optimal ratio at some locations where she/he did not consider it
necessary to perform optimally. To determine this subject-specific
�s

opt, we tested different values of � and selected the one that
minimized the deviation of the actual risk (Riskobs � 
i
jC

i
jpobs

j
i)

from the optimal Bayes risk (Riskopt � 
i
jC
i
jpopt

j
i) assuming a

single �s
opt at all locations (�Riskobs-opt � 
i
jC

i
j[pobs

j
i – popt

j
i]);

again, this deviation is zero if the subject did not deviate from �s
opt at

any location. After some algebra, it can be shown that Ci
j for hits and

misses (or mislocalizations) can be written as a function of �s
opt, CFA,

and CCR (see Supplemental Data: Appendix, Eqs. 6, 8, and 9, along
with the following assumptions: 1) CHit � CCR/�s

opt; 2) CMiss � CFA/
�s

opt ; and 3) Cj
i � Cj

0 for all i � j, j � 0), whereas pobs
j
i can be
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written as a function of �j and di, and popt
j
i, as a function of �s

opt

and di.
Based on this inferred optimal cost ratio (�s

opt), three indices of
optimal performance were computed for each subject. Two indices
quantified the optimality of overall performance: 1) an objective
suboptimality index (SIO) defined as the deviation of the subject’s cost
ratio from an objectively optimal cost ratio (�opt � 1) for maximizing
correct responses, and computed as the magnitude of the logarithm of
the ratio of �s

opt to �opt (SIO � |log(�s
opt /�opt)|); and 2) a global

suboptimality index (SIG), defined and computed as the magnitude of
the deviation of the optimal Bayes risk from the actual risk (SIG �
�Riskobs-opt). A third, locational suboptimality index was defined as
the deviation of the cost ratio at each location from the subject’s own
optimal cost ratio and computed for each location (SIL) as the
magnitude of the logarithm of the ratio of �obs (observed cost ratio) at
that location and the subject’s own �s

opt (SIL � |log (�obs/�
s
opt)|).

These suboptimality indices were correlated with sensitivities, biases,
and their modulations using “robust correlations.”

Risk curvature as a measure of bias. We sought to develop a
measure of bias that was different from the conventional SDT bias
measure (Supplemental Data: Appendix, Eq. 12). We developed a risk
curvature measure of bias, based on the following reasoning. It is
reasonable to assume that subjects would afford greater attentional
bias to a location if greater penalties for incorrect (or suboptimal)
decisions occurred at that location, as compared with other locations.
We propose that the differential curvature of the risk (or utility)
function (�RC) is a measure of this attentional bias. The risk measures
the total average cost associated with a specific decision strategy,
given sensory evidence, priors, and payoffs (Supplemental Data:
Appendix, Eqs. 11-12). The curvature of this risk (RC) measures the
“sharpness” with which the risk increases on either side of the
optimum criterion. Briefly, a higher curvature of the risk function at a
location entails a greater differential penalty (increase in risk) for
suboptimal placement of the choice criterion at that location, Hence,
subjects are expected to place their criterion with greater precision at
locations of higher risk curvature (e.g., Fig. 5A). We employed the
curvature (second derivative) rather than the slope (first derivative) for
measuring this bias, because the slope of the risk curve at the optimal
criterion is zero at all locations. In the probabilistically cued attention
task, the cued location is more important for decisions than uncued
locations. Consequently, a higher value of risk curvature should occur
at the cued location (Fig. 5B, red; simulated data, see below) as
compared with other, uncued (irrelevant) locations (Fig. 5B, blue).
The difference between the magnitude of the risk curvatures at the
cued and uncued locations (differential risk curvature or �RC) was
used to quantify attentional bias toward the cued location.

Risk curvature analysis for simulated attention task. We simulated
an m-ADC task with two potential stimulus locations (Fig. 5, A–D).
We denote the signal probability at cued and uncued locations as
ps-cued and ps-uncued and the probability of no change as p�. The cost
ratio, �, was set to unity for both locations, corresponding to a goal of
maximizing percent correct. To rule out the effects of sensitivity in
these simulations, d= at cued and uncued locations was set to identical
values (d=cued � d=uncued � 1.0). To calculate risk curvature, we first
determined the optimal criterion for both cued and uncued locations
using the relationship between criteria, sensitivities, priors and pay-
offs for the m-ADC model (Supplemental Data: Appendix, Eq. 11).
Using these sensitivity and criterion values, we generated the condi-
tional response probabilities using m-ADC model equations. The risk
(or utility) for each stimulus response contingency was calculated as
the product of the cost and the probability of that contingency. The
total risk (R) was then determined as the sum of the risks for all
stimulus response-contingencies (
i
jC

i
jpobs

j
i) and across all loca-

tions. To determine risk curvature (RC), we varied the choice criterion
about its optimum at each location across a range of values (�1.0),
calculated the risk function at each value of the choice criterion, and

then computed its second derivative. �RC was calculated as the
difference in RC across cued and uncued locations.

Relationship between m-ADC choice criteria and alternative mea-
sures of spatial attention bias. To test for correlation between m-ADC
choice criteria and differential risk curvature (�RC) in our data, first
we estimated sensitivity, criteria, and �RC for individual participants,
using the same procedure as described above. Because our task lacked
an explicit payoff structure, for these analyses we calculated the risk
based on the observer-specific subjective cost ratio (�s

opt), as reported
in the decision optimality analyses (assuming a uniform cost ratio of
� � 1.0 produced similar results).

We tested whether �RC was correlated with cue-induced modula-
tion of bias (both CC and LR) and d=, using robust correlations
(percentage-bend). To test whether these relationships would be better
fit with a quadratic function (second degree polynomial) relative to the
linear fit, we determined normalized sum of squared residuals for each
fit, calculated as ‘sse’/(n-m-1), where ‘sse’ is the sum of squared
residual of fit; n is the number of samples or data points and m is the
order of the polynomial (a lower value represents a better fit of the
model to the data). Quadratic and linear fits were also compared using
adjusted R2 (coefficient of determination) values, which measure how
well the predictors explain the data while controlling for the number
of predictors. A higher adjusted R2 is indicative of more informative
predictors. We further performed a multiple linear regression analysis,
with �RC as the response variable and ADI-bias (bLR) and ADI-d= as
independent factors. To determine which of these factors exhibited a
stronger relationship with �RC, we computed incremental R2 values
associated with each factor by calculating the increase in adjusted R2

upon adding each factor into a multiple regression model. A larger
value of incremental R2 for a factor indicates a stronger linear
relationship with the response variable.

Finally, we computed another measure of attentional bias that did
not involve computing the risk curvature. For each participant and
each location, we calculated �(bCC): the standard deviation of the
choice criterion (bCC) values estimated with a jackknife approach. We
correlated the AMI index of �(bCC) against the AMI indices of d= and
bias (bLR) with robust correlations.

RESULTS

A Model for Predicting and Fitting Behavior in
Multialternative Attention Tasks.

We developed a psychophysical (SDT) model for analyzing
behavioral responses in endogenous cueing tasks of the type
shown in Fig. 1A. In this task, the observer is cued to attend to
one of two (or multiple) stimulus locations. At a random time
following cue onset, an event of interest, for example, a change
in grating orientation, occurs at one of the locations (“change”
trials). On some trials, no events (changes) occur at any
location (“catch” trials). The observer must detect and report
the location of the change or indicate that no change occurred.
Such tasks typically employ probabilistic spatial cues, the
predictive validity of which varies across locations, and do not
employ post hoc response probes. And, unlike response probe
tasks (e.g., Rahnev et al. 2011; Wyart et al. 2012), such tasks
enable measuring a spatial choice bias across locations. This is
because, on each trial, the subject must make a single choice by
comparing sensory evidence across multiple locations to detect
and localize the change.

We measured the effect of endogenous cueing on sensitivity
and bias by extending the recently developed m-ADC model
framework (Sridharan et al. 2014). We extended the model for
multialternative attention tasks that employ the method of
constant stimuli, i.e., tasks in which stimuli can occur at
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different, unpredictable strengths at each location (Fig. 1C and
Supplemental Fig. S1D). This new model is relevant for studies
that seek to measure the effect of attention on the psychometric
function at cued and uncued locations (Sridharan et al. 2017).
The decision surface in this model comprises a family of
intersecting hyperplanes in a multidimensional decision space
(Fig. 1C). Parameterized by criteria, one at each location, these
hyperplanes belong to a family of optimal decision boundaries
for distinguishing each class of signal from noise (e.g., change
at a given location versus no change) and provide a close
approximation to optimal decision boundaries for distinguish-
ing signals of one class from another (e.g., changes at one
location from another; Supplemental Fig. S1, D and E). The
model can be used to quantify perceptual sensitivities and
choice criteria from stimulus-response contingency tables for
tasks with any number of alternatives. An intuitive explanation
of the model is presented in m-ADC Model Description, and
further details can be found in Sridharan et al. (2014, 2017).

First, we fit a 4-ADC model for each subject’s 5 � 5
stimulus-response contingency table obtained from the five-
alternative task (exemplar table in Fig. 1F). For these analyses,
responses across two of the uncued locations (ipsilateral and
contralateral) were averaged into a single contingency (adja-
cent) because responses were not significantly different across
these locations (P � 0.2 for hits, misses, and false alarms at these
locations, signed rank test; also see MATERIALS AND METHODS and
Supplemental Fig. S2A). This simplification significantly reduced
the number of model parameters to be estimated (see MATERIALS

AND METHODS). Goodness-of-fit P values obtained from a ran-
domization test (based on the �2 statistic) were generally �0.7
(median: 0.84; range: 0.57–0.98; Fig. 1G, bottom inset), indi-
cating that model fits did not deviate significantly from observ-
ers’ response proportions in the contingency table for this
multialternative task.

To validate the model further, we tested the model’s ability
to predict individual subjects’ responses. For this we fit the
model using only a subset of the observers’ behavioral choices
(33–58%) and tested its ability to predict their remaining
(42–67%) choices (Fig. 1H and Supplemental Fig. S1, B and
C). Three different subsets of contingencies were selected for
fitting: 1) hits and false alarms (Fig. 1H), 2) false alarms and
misses (Supplemental Fig. S1B), or 3) hits and misses (Sup-
plemental Fig. S1C). Correct rejection responses were included
either implicitly (cases 1 and 2) or explicitly (case 3; see
MATERIALS AND METHODS for details). The model was able to
predict all of the remaining observations in the contingency
table with high accuracy (Fig. 1H; Supplemental Fig. S1, B and
C; P values of randomization fit for predictions (median [95%
confidence interval]): case 1: 0.69 [0.58–0.87]; case 2: 0.33
[0.25–0.48]; and case 3: 0.60 [0.50–0.75]).

Taken together, these results demonstrate that the 4-ADC
model accurately fit observers’ behavioral responses in this
five-alternative attention task.

Endogenous Cueing Effects on Sensitivity, Choice Criterion,
and Bias

In this task, did endogenous cueing of attention produce
changes of sensitivity, changes of bias, or both? To answer this
question, we varied the probability of change across the cued
and uncued locations: changes were twice as likely at the cued

location (66.7%), as all of the other locations combined (op-
posite: 16.7%, adjacent ipsi/contralateral: 8.3% each, Fig. 1E,
left). We tested the effect of these different cue validities on
modulations of sensitivity and bias, as estimated with the
m-ADC model.

We clarify a few key terms used in the subsequent descrip-
tion of the results. First, we note the distinction between the
terms “criterion” and “choice criterion” (or decision criterion).
“Criterion,” here, refers to the “detection threshold,” whose
value is measured relative to the mean of the noise distribution
(e.g., Fig. 1C). Choice criterion (or bCC), on the other hand, is
a measure of bias that was quantified as the deviation of the
subject’s criterion (detection threshold) from the midpoint of
the means of the signal and noise distributions (Macmillan and
Creelman 2005). The lower the choice criterion at a location,
the lower the value for the decision variable at which the
subject chooses to indicate signal over noise at that location
and, consequently, the higher the choice bias (for signal events)
at that location. On the other hand, the likelihood ratio measure
of bias (or bLR) was calculated as the ratio of the conditional
probability density of the decision variable, at the value of the
choice criterion, on change versus no change trials (Supple-
mental Data: Appendix). The higher the likelihood ratio bias at
a location, the higher the choice bias (for signal events) at that
location. Both choice criterion (bCC) and likelihood ratio (bLR)
measures were used to quantify bias in this study.

Before the analysis of psychophysical parameters, we tested
whether subjects were utilizing information provided by the
cue regarding the location of the imminent change. We quan-
tified the effect of cueing on “raw” performance metrics
(psychometrics), including hit, false alarm, and correct rejec-
tion rates (Fig. 2A). Subjects (n � 30) exhibited highest hit
rates for changes at the cued location as compared with the
other locations, across the range of angles tested (Fig. 2A, top;
P � 0.001 for difference in hit rates between cued vs. opposite
and cued vs. adjacent; Wilcoxon signed rank test, Benjamini-
Hochberg correction for multiple comparisons), indicating that
subjects were indeed heavily relying on the cue to perform the
task. Nevertheless, false alarm rates were also highest at the
cued location (Fig. 2A, bottom right; cued vs. opposite: P �
0.0014; cued vs. adjacent: P � 0.001). We asked whether this
pattern of higher hit rates concomitantly with higher false
alarm rates occurred due to a higher sensitivity at the cued
location, a higher bias (lower choice criterion) at the cued
location, or both (see MATERIALS AND METHODS).

Sensitivity was consistently highest at the cued location as
compared with the other, uncued locations (P � 0.001; Fig. 2B,
top). We fit the 4-ADC model incorporating a parametric form
of the psychophysical function (the Naka-Rushton function).
Asymptotic sensitivity (dmax) was highest for the cued location
as compared with each of the uncued locations (P � 0.001,
permutation test against a null distribution of differences gen-
erated by randomly shuffling location labels; see MATERIALS

AND METHODS; Fig. 2B, bottom left) whereas change magnitude
corresponding to half-maximum sensitivity (��50) was signif-
icantly lower for the cued, as compared with each of the
uncued, locations (P � 0.001; Fig. 2B, bottom right). Simi-
larly, bias was uniformly highest at the cued location compared
with the uncued locations: choice criteria were lowest, and
likelihood ratio bias highest, toward the cued location com-
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pared with the other locations (Fig. 2C; P � 0.001; corrected
for multiple comparisons).

Next, we asked whether these modulations of sensitivity and
bias reflected a benefit (relative to baseline) at the cued loca-
tion, a cost at the uncued locations, or both. For this, a subset
of the subjects (n � 10) who were tested on the cued detection
task were also tested on a neutrally cued version of the task
presented in interleaved blocks (see MATERIALS AND METHODS).
In this task, changes were equally likely (25%) at each of the
four locations. Within this pool of subjects, sensitivity for
the neutrally cued locations was significantly lower than that at
the cued location (P � 0.004) but only marginally significantly
different from that at the uncued locations (P � 0.049; Sup-
plemental Fig. S2D, top). On the other hand, biases (bCC and
bLR) for the neutrally cued locations were significantly differ-
ent from cued (P � 0.002) as well as uncued (P � 0.01)
locations (Supplemental Fig. S2D, bottom).

In sum, these results show that endogenous cueing of atten-
tion produced both a higher sensitivity as well as higher bias
toward the cued location relative to uncued locations. The
increase in sensitivity manifested primarily as a benefit at the
cued location. In contrast, cueing produced both a strong
benefit in bias at the cued location and a strong cost at uncued
locations, relative to baseline.

Sensitivity and Bias: Same or Different Mechanisms?

Are the enhancements of sensitivity and bias with endoge-
nous cueing mediated by the same mechanism or different
mechanisms? To answer this question, we evaluated two com-
peting models (Fig. 3A). According to the “common” mecha-
nism model, cue-induced selection biases compete for sensory
processing resources to enhance sensitivity, so that sensitivity
at each location covaries systematically with bias at that
location. On the other hand, according to the “disjoint” mech-
anisms model bias and sensitivity modulation are decoupled
and independent of each other. We sought to distinguish

between these two models by examining several lines of
evidence.

First, cue validity at the uncued locations occurred at one of
two different values (Fig. 1E, left). Of the one-third of change
trials occurring at the uncued locations, changes were twice as
likely at the cue-opposite location (16.7%) as at either of the
adjacent locations (8.3% each). We asked whether these dif-
ferent cue validities would produce systematically differing
values of sensitivity and bias at the different uncued locations.
Across the population of subjects (n � 30), sensitivities at the
opposite location were not significantly different from those at
the adjacent locations (P � 0.08; Fig. 2C, top left, and Fig. 3,
B and C, top). In contrast, choice criterion bias (bCC) was
significantly lower for the opposite as compared to the adjacent
locations (P � 0.009; Fig. 2C, top right), and likelihood ratio
bias (bLR) was significantly higher for the opposite as com-
pared to the adjacent locations (P � 0.018; corrected for
multiple comparisons). Taken together with the graded varia-
tion in bias in the neutrally cued condition (Fig. 2C, bottom
right, and Fig. 3, B and C, bottom, and Supplemental Fig.
S2D), these results indicate that bias, rather than sensitivity,
systematically modulated with endogenous cue validity.

We further tested this by evaluating the performance of two
modified m-ADC models, one with sensitivity constrained to
be equal across uncued (opposite and adjacent) locations (m-
ADCeq-d) and one with criteria similarly constrained (m-AD-
Ceq-c). Model selection analysis based on the AIC revealed that
the m-ADCeq-d model significantly outperformed both the
m-ADCeq-c model and the standard m-ADC model (AIC:
m-ADCeq-d � 500.1 [466.2–602.9]; m-ADCeq-c � 508.6
[475.5–614.2]; and m-ADC � 508.7 [474.4–614.3]; P �
0.001, Wilcoxon signed rank test), whereas there was no
significant difference in the performance of the m-ADCeq-c and
the standard m-ADC models (P � 0.12). The significantly
higher evidence in favor of a model that incorporated identical
sensitivities, but distinct criteria, at all uncued locations con-
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firms that criteria, rather than sensitivities, varied in a graded
manner with endogenous cue validity.

Next, we asked whether subjects who exhibited higher
sensitivity at the cued location also exhibited higher bias at the
cued location. Sensitivity and criteria (detection thresholds)
were strongly positively correlated at the cued location
(� � 0.6, P � 0.001) indicating that across observers, criteria
covaried with sensitivities, in line with a key prediction of the
m-ADC model for optimal decisions in this task (Supplemental
Data: Appendix, Eq. 11). On the other hand, neither choice
criterion nor likelihood ratio bias were correlated with sensi-
tivity (�CC-d= � 0.13, pCC-d= � 0.49; �LR-d= � 0.01, pLR-d= �
0.99; Fig. 3D, top). The uncued locations (opposite, adjacent)
revealed a similar trend of a positive correlation between
sensitivity and criteria and no correlation (bCC) or even a
negative correlation (bLR) between sensitivity and bias (Sup-
plemental Fig. S3A). These results demonstrate that although
endogenous cueing produced both the highest sensitivity and
bias at the cued location, there was no evidence of a positive
correlation between these quantities.

Although sensitivity and bias at the cued location did not
covary, we asked whether subjects who showed the greatest
differential sensitivity at the cued location (relative to uncued
locations) also showed the greatest differential bias toward the
cued location. To answer this question, we tested whether
sensitivity and bias modulations, measured either as a differ-
ence index (ADI) or a modulation index (AMI) across cued and
uncued locations (see MATERIALS AND METHODS), were corre-
lated. Neither bias value (choice criterion or likelihood ratio)
significantly covaried with sensitivity, as measured with the
difference index (�CC-d=� �0.10, pCC � 0.61; �LR-d=� �0.26,
pLR � 0.17; Fig. 3D, bottom, and Supplemental Fig. S3B),
or with the modulation index (�CC-d= � �0.25, pCC � 0.19;
�LR-d= � 0.25, pLR � 0.18). Next, we tested whether sensitivity
and bias were comodulated across experimental blocks in
individual subjects. We divided data from each subject’s ex-
perimental session into two subsets of contiguous experimental
blocks. Difference indices (ADI) or modulation indices (AMI)
for bias from each block were subjected to an n-way ANOVA
with the corresponding sensitivity (ADI or AMI) index as a
continuous predictor and subjects as random effects. This
analysis revealed that neither measure of bias significantly
covaried with sensitivity, as measured by either modulation
index (ADI or AMI), across blocks (P � 0.1, for all tests).

Finally, we examined the possibility that the graded varia-
tion of bias with cue validity was a consequence of parametric
assumptions in the m-ADC model by comparing with a “sim-
ilarity choice model” (Luce 2005). In this model, sensitivities
and biases are estimated, not from a parametric, latent variable
model, but by a factoring of the underlying probability densi-
ties. Sensitivity and bias parameters estimated by the similarity
choice model were strongly correlated with the corresponding
m-ADC model parameters (� � 0.7–0.9, P � 0.001) and also
exhibited identical trends, including a graded variation in bias
with cue validity and the lack of correlation between sensitivity
and bias or their modulations.

To summarize, sensitivity enhancements were strongest at
the cued location and not significantly different across uncued
locations. Bias modulations were graded across locations and
varied systematically with endogenous cue validity. Moreover,
modulations of sensitivity and bias by endogenous cueing were

uncorrelated within and across subjects. These results suggest
that the “spotlight” model of attention applies primarily to
attention’s effects on sensitivity, rather than bias. Moreover,
the results overwhelmingly favor the hypothesis that sensitivity
and bias changes are mediated by dissociable mechanisms
(Fig. 3A, right) in this predictively cued attention task.

Covariation of Sensitivity and Bias with RTs and Decision
Optimality Indexes

Attention produces systematic effects on perceptual deci-
sions, both in terms of faster RTs (Eason et al. 1969) and by
influencing optimality of decision-making (Eckstein et al.
2013). To further disambiguate the “common” from the “dis-
joint” mechanism models, we tested whether subjects’ RTs and
decision optimality metrics covaried with sensitivity or bias.
The results are reported here for likelihood ratio measure of
bias (bLR); similar trends were observed for choice criteria
(bCC).

RT (normalized to cued location; MATERIALS AND METHODS)
for all (correct and incorrect) change responses varied in a
graded fashion with cue validity: fastest RTs occurred for
changes at the cued, followed by the opposite and adjacent,
locations, in that order (P � 0.05, corrected for multiple
comparisons; Fig. 4A). Similar graded trends were observed
when the data were analyzed separately based on hit and false
alarm responses (Fig. 4, B and C). This graded variation with
cue validity suggested a close relationship between RT and
bias.

Next, we quantified the relationship between RT, sensitivity
and bias, considering only correct responses (hits). RT (nor-
malized) and bias were robustly negatively correlated (Fig. 4D,
right); � � �0.29, P � 0.006), whereas RT and d= were not
(Fig. 4D, left; � � �0.17, P � 0.10). To test whether the RT
and bias correlation was rendered more robust by the latent
covariation between RT and d=, we performed a partial corre-
lation analysis of RT versus bias controlling for the effect of d=
(and vice versa). We found a significant negative partial
correlation between RT and bias, (�p � �0.21, P � 0.04)
whereas the partial correlation between RT and d=, controlling
for bias, was not significant (�p � �0.19, P � 0.07). We then
quantified the comodulation of RT with d= and bias across cued
and uncued locations. RT AMI was significantly negatively
correlated with both bias AMI (� � �0.51, P � 0.004; Fig 5E,
right), and d= AMI (� � �0.48, P � 0.007; Fig. 4E, left).
Nevertheless, multilinear regression analysis of RT (change
angle, average d=, and bias as predictors; see MATERIALS AND

METHODS) revealed a more negative standardized regression
coefficient for RT variation with bias as compared with d=, that
approached significance (�b-LR � �0.082 [�0.21 0.05], �d= �
�0.019 [�0.069 0.071] – median [95% confidence interval];
P � 0.046, bootstrap test for difference of �-magnitudes).

We also tested whether the pattern of RT correlations re-
flected a motoric response bias rather than a cue-induced
choice bias. We correlated false alarm rates in each of the six
experimental blocks with the mean RT on false alarm trials in
that block, separately, for the cued and uncued locations. A
significant correlation would indicate that faster responses (due
to a motor bias) produced more false alarms and, correspond-
ingly, a higher bias. Contrary to this hypothesis, we found no
significant correlation between RT and false alarm rates across
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blocks at any location (cued: � � 0.05, P � 0.58; opposite: � �
0.13, P � 0.18; adjacent: � � �0.15, P � 0.10). These results
were confirmed with an ANOVA with RT as the response
variable and false alarms as continuous predictors, with sub-
jects as random factors. Taken together, these results support a

more robust covariation of RTs with bias changes, rather than
with sensitivity changes, induced by spatial cueing.

Next, we tested for the covariation of sensitivity and bias
with metrics of decision optimality. For this, we measured
subjects’ observed cost ratio (�obs), defined as the ratio of the
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prior odds ratio to the bias at each location (Supplemental
Data: Appendix, Eq. 12), and compared it with the optimal cost
ratio (see MATERIALS AND METHODS for details). In the m-ADC
model decision rule framework (minimizing risk), �opt equals
the ratio of the cost of correct rejections versus false alarms to
the cost of hits versus misses [�opt � (CCR � CFA)/(CHit �
CMiss); Supplemental Data: Appendix, Eq. 8]. Therefore, sub-
jects with a goal of maximizing successes and minimizing
errors in our task should have assumed an optimal cost ratio of
unity (�opt � 1) at all locations (Fig. 4F, dashed horizontal
line). Yet, a vast majority of subjects exhibited systematic
deviations from this optimum (Fig. 4F): the observed cost ratio
was significantly greater than 1 at the cued location and
significantly less than 1 at uncued locations (P � 0.001, signed
rank test; Fig. 4F).

We investigated the reason for this systematic pattern of
sub-optimalities. A first, potential scenario is that subjects’
observed cost ratio deviated from the optimal ratio because
they perceived a signal probability (perceived prior) at each
location that deviated systematically from the actual signal
priors. This scenario arises when subjects fail to detect some
proportion of changes, especially when the change in orienta-
tion was small. However, this explanation is not tenable be-
cause small orientation changes would be difficult to detect at
both cued and uncued locations. Hence, the perceived prior
ratio would have had to be lower than the actual ratio at all
locations. While this scenario can account for the lower than
optimal bias at the cued location, it cannot account for the
higher than optimal bias at each of the uncued locations. An
alternative scenario is that subjects assumed different cost
ratios (�-s) at different locations, such that they judged errors
arising from false alarms as costlier compared with errors
arising from misses at the cued location (� � 1) and vice versa
at uncued locations (� � 1). Nevertheless, no rational expla-
nation can be readily conceived for subjects attributing differ-
ent costs to false alarms and misses at the different locations.
Having ruled out these alternative potential scenarios, we
proposed the following hypothesis: each subject sought to
minimize risk by adopting a “subjective” cost ratio (�s

opt) that
was uniform across all locations but differed from 1 (�s

opt � 1)
and was subjectively optimal to each observer’s own estimate
of the relative cost of false alarms and misses. The �s

opt for
each observer was measured as the cost ratio (CFA/CCR; see
MATERIALS AND METHODS) that minimized the difference between
the actual risk and the optimal Bayes risk (�Robs-opt). With data
pooled across subjects, �s

opt occurred at a value of 1.3, across
the range of CFA/CCR values tested (Fig. 4G)

First, we examined two metrics, which measured the devi-
ation from optimality of each observer’s overall performance
(MATERIALS AND METHODS): 1) an objective suboptimality index
(SIO), which measures the deviation of �s

opt from �opt; and 2)
a global suboptimality index (SIG), which measures the devi-
ation of the observed risk from the optimal Bayes risk
(�Robs-opt). SIO was negatively correlated with bias at the cued
location (� � �0.84, P � 0.001; Fig. 4H) but not at the uncued
locations (P � 0.07), whereas it was not correlated with
sensitivity at any location (P � 0.4). In contrast, SIG was
positively correlated with bias and negatively correlated with
sensitivity at both opposite and adjacent locations (SIG vs. bias:
�opp � 0.71, Popp� 0.001; �adj � 0.81, Padj � 0.001; Supple-
mental Fig. S4B; SIG vs. sensitivity: �opp � �0.61, Popp �

0.001; �opp � �0.39, Popp � 0.03) but not at the cued location
(P � 0.153). Next, we quantified deviation from optimality at
each location by defining a locational suboptimality index
(SIL), which measures the deviation of the cost ratio at each
location (�obs) from the individual’s optimal cost ratio (�s

opt).
SIL was significantly lower (subjects more optimal) at the cued
location than at either uncued location (P � 0.001; Supple-
mental Fig. S4A). SIL was negatively correlated, across sub-
jects, with bias at the cued location (� � �0.5, P � 0.006),
whereas it was positively correlated with sensitivity (� � 0.76,
P � 0.001; Fig. 4I).

In sum, subjects who exhibited a greater bias toward the
cued location, and lower bias toward uncued locations, made
more optimal decisions overall in this attention task (Fig. 4,
F–I, and Supplemental Fig. S4, A and B). Decisional optimality
was highest at the cued location and showed opposite patterns
of correlations with sensitivity and bias (Fig. 4, H and I, and
Supplemental Fig. S4, A and B). Taken together, this dissoci-
ation between sensitivity and bias in terms of RTs and decision
optimality metrics further confirms the finding that sensitivity
and bias effects were mediated by disjoint mechanisms in this
predictively cued attention task.

Distinguishing Mechanisms of Endogenous Attention from
Expectation

Our results, thus far, suggest dissociable effects of endoge-
nous spatial cueing on sensitivity and bias. While enhanced
sensitivity toward the cued location is a commonly reported
effect of spatial attention (Bashinski and Bacharach 1980;
Ciaramitaro et al. 2001), do changes of choice criteria also
reflect spatial attention’s effects (Summerfield and Egner
2009)? Recent studies have suggested that attention includes
processes that selectively alter decisional policies (e.g., crite-
ria) based on priors and payoffs (Luo and Maunsell 2018;
Zénon and Krauzlis 2012). Changes of choice criteria induced
by spatial probabilistic cueing, therefore, likely reflect a key
component of attention (Buschman and Kastner 2015; Luo and
Maunsell 2018). Nevertheless, we evaluated the possibility that
differences in event expectation, arising from different prior
probabilities of events (cue validities) at the cued versus
uncued locations, modulated choice bias independently of
attention in our task.

First, we tested whether trivial strategies, based on event
expectation (prior probabilities) alone, biased subjects’ choice
outcomes when no signal evidence was available. We mea-
sured false alarm rates to each location on “no change” trials
(Fig. 1F and Supplemental Fig. S4C), which are indicative of
each subject’s choice biases to the different locations in the
absence of sensory evidence. We tested the distribution of
these false alarm rates against three other distributions, each of
which reflected alternative strategies by which choices could
be influenced by priors alone. First, a decision strategy to
maximize the proportion of correct responses, based on event
expectation alone, which corresponds to consistently selecting
the location with the greatest prior probability. Our data inval-
idated this hypothesis (P � 0.001, goodness-of-fit test for
multinomial data, indicating mismatch of model to data; Sup-
plemental Fig. S4C). Second, a probability matching strategy
(Duda et al. 1980; Sugrue et al. 2005; Wozny et al. 2010) based
on task specified priors, reflecting the relative proportion of
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change events at each location. In this case, the proportion of
false alarms to each location should be distributed according to
relative prior probabilities at each location. Our data also
invalidated this hypothesis (P � 0.015; Supplemental Fig.
S4C). Third, a probability matching strategy based on per-
ceived prior probabilities, reflecting the relative proportion of
detections at each location for each subject on change trials.
Perceived priors were quantified as the proportion of choices to
the cued and uncued locations on all change trials, combined
(sum of rows 1–4 of the contingency table; Supplemental Fig.
S4C, unfilled bars with dashed outlines). We tested whether the
proportion of false alarms to each location were distributed
according to these perceived priors. Our data invalidated this
hypothesis also (P � 0.0012; randomization test; Supplemental
Fig. S4C). Overall, the inability of any of these distributions to
describe false alarm rates in our data suggest that subjects’
choices could not be explained by event expectation based
strategies alone.

Next, we developed an alternative measure of spatial atten-
tion bias, unrelated to event expectation, to validate our
m-ADC bias: the differential curvature of the risk (or utility)
function (detailed description in Risk curvature as a measure of
bias). Briefly, a higher curvature of the risk function at a
location entails a greater penalty for suboptimal placement of
the criterion at that location, and vice versa (Fig. 5A). There-
fore, subjects must place their choice criteria with greater
precision (or care) at locations of higher risk curvature, to
avoid significant penalties for suboptimal perceptual decisions
at those locations.

We simulated a multialternative attention task (see MATERI-
ALS AND METHODS) to examine the relationship between risk
curvature, signal probability and bias. We found that risk
curvature was higher at the cued location as compared with the
uncued location (Fig. 5A) in our multialternative task and
varied systematically with the prior probabilities at each loca-
tion (Fig. 5B). Differential risk curvature (�RC), the difference
of risk curvature between the cued and uncued locations,
varied monotonically with the ratio of signal probabilities at
cued and uncued locations (Pcued/Puncued; Fig. 5C), despite
identical sensitivities at these locations. These data indicate
that differential risk curvature (�RC) is a plausible measure of
attentional bias: �RC represents how much more precisely
subjects must specify their choice criteria at the cued location
versus at uncued locations. Finally, �RC also varied monoton-
ically with the difference of choice criteria across cued and
uncued locations (ADI bCC; Fig. 5D, right inset). On the other
hand, differential risk curvature varied nonmonotonically with
the difference in d= at cued and uncued locations (ADI d=; Fig.
5D, bottom inset).

We tested whether a relationship between m-ADC choice
criteria and the �RC measure of spatial attention bias was
present in our data. First, we measured �RC across cued and
uncued locations in individual participants (see MATERIALS AND

METHODS) and tested whether it was correlated with cueing-
induced modulation of bias (both bCC and bLR) and d=. We
observed that �RC was correlated with both bias and d=
modulations (ADI; Fig. 5E). The latter is an expected result
because the range of �d= values in our data matched one (the
rising) part of the nonmonotonic curve shown in Fig. 5D,
bottom inset (shaded). Nevertheless, the data revealed evidence
for a nonmonotonic relationship at larger values of �d= (Fig.

5D, bottom inset). Consequently, we tested whether any of
these relationships would be better fit with a nonlinear function
(second degree polynomial) using the normalized sum of
squared residuals as well as adjusted R2 (coefficient of deter-
mination) values. We observed that the normalized sum of
squares residual measure was lower for a quadratic fit of �RC vs.
�d= (SSerr: quadratic � 13.8 � 10�2; linear � 14.5 � 10�2),
whereas the measure was lower for a linear fit of �RC vs. �b (bCC:
quadratic � 16.0 � 10�2, linear � 15.4 � 10�2; bLR: quadratic �
11.2 � 10�2, linear � 10.8 � 10�2). Confirming this trend, the
adjusted R2 was greater for a quadratic (vs. linear) fit for the
variation with �d= (adjacent R2: quadratic � 0.37, linear � 0.34),
whereas the reverse was true for the variation with �b (bCC:
quadratic � 0.27, linear � 0.30; bLR: quadratic � 0.49, linear �
0.51). These results indicate a monotonic variation of differ-
ential risk curvature with change in bias (both bCC and bLR)
but not with �d= in this multialternative task. We also
performed multiple linear regression with �RC as a response
variable and �b and �d= as independent factors. We ob-
served a higher standardized regression coefficient for �b as
compared with �d= (�: �b � 0.090, �d= � 0.066), as well
a higher incremental R2 (R2

inc: �b � 0.035, �d= � 0.018),
further confirming a more robust, linear relationship of �RC
with m-ADC bias, rather than with d= in this multialternative
task.

Finally, we identified yet another measure of attention bias
that did not involve computing the risk curvature. We hypoth-
esized that high attention bias would produce lower variance of
the choice criterion, possibly due to the significant penalty
associated with suboptimal positioning of the choice criterion
at cued locations (Fig. 5A). Hence, we estimated, for individual
participants, the standard deviation of the choice criterion
across blocks at each location, �(bCC), and tested for its
correlations with modulations of sensitivity and m-ADC bias.
We observed that �(bCC) modulations were significantly cor-
related with the modulations of bias (bLR; � � 0.381, P �
0.038; Fig. 5F, right) but not with sensitivity (� � 0.097, P �
0.611; Fig. 5F, left).

These results demonstrate that m-ADC model estimates of
bias, but not sensitivity, varied systematically and monotoni-
cally with two independent measures of spatial attention bias,
�RC and �(bCC). Taken together, these lines of evidence
strongly support the hypothesis that cueing-induced changes of
m-ADC bias in our attention task reflect spatial attention,
rather than expectation, mechanisms. These observed trends,
based on alternative measures of attention bias, �RC and
�(bCC), further confirm our findings that, in this predictively
cued attention task, sensitivity and bias changes were mediated
by dissociable mechanisms.

DISCUSSION

To understand the neural mechanisms by which attention
operates in the brain, it is essential to tease apart its component
processes. With a predictively cued, multialternative endoge-
nous attention task (Posner et al. 1980), and a multidimensional
signal detection model, we show that attention affects percep-
tual sensitivity and choice bias through dissociable mecha-
nisms. Bias modulated systematically with endogenous cue
validity whereas sensitivity enhancement was strongest at the
cued location but not significantly different across uncued
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locations. These results suggest that in this attention task
sensitivity control mechanisms allocated sensory processing
resources in an all-or-none manner (“spotlight model”),
whereas bias control mechanisms apportioned decisional
weights in a more graded manner. Moreover, bias modulations
were uncorrelated with sensitivity modulations, and bias, but
not sensitivity, correlated strongly with key decisional metrics
including reaction times and decision optimality indexes.

Among the earliest studies to employ attention tasks such as
those employed in this study– in which the spatial cue indicates
event probability— were those of Posner et al. (1980). Subse-
quently, these task designs were extensively used to study
attention behaviors (Bashinski and Bacharach 1980; Ca-
vanaugh and Wurtz; Cohen and Maunsell 2009; Corbetta et al.
2000; Müller and Findlay 1987; Steinmetz and Moore 2014;
Williford and Maunsell 2006). Such a paradigm manipulates
what Posner et al. (1980) termed “expectancy,” to align the
“central attention system” with selected sensory input channels
for making a perceptual decision. The key question in such
tasks was whether the cost-benefit effects of attention occurred
at a sensory stage, or a decisional/response stage through a
modulation of criteria, and whether they were “independent,
serial, or interactive.” In tasks with several alternatives, espe-
cially those with graded cue validity (such as our task), it
remained to be shown whether performance improvements
were mediated by shifts in criterion at different spatial loca-
tions, rather than by the action of a central attentional mecha-
nism (Duncan 1980).

Do sensitivity and bias changes in our multialternative
attention task, then, both reflect components of attention?
There is emerging consensus that attention includes processes
that selectively enhance sensory information processing (e.g.,
sensitivity) and also those that selectively alter decision poli-
cies for gating relevant information (e.g., choice criteria),
based on sensory evidence, priors and/or payoffs (Buschman
and Kastner 2015; Dosher and Lu 2000; Eckstein et al. 2009;
Krauzlis et al. 2014; Luo and Maunsell 2018). By this defini-
tion, changes of choice criteria induced by spatial probabilistic
cueing do reflect a key component of attention (Buschman
2015; Krauzlis et al. 2014; Luo and Maunsell 2015).

Nevertheless, the challenge of dissociating and quantifying
criterion changes, as distinct from sensitivity changes, in mul-
tialternative attention tasks with spatial probability cues, was
recognized in studies since the 1980s. For example, Duncan
(1980) discussed this challenge for attention tasks requiring
detection or discrimination among multiple alternatives. Such
tasks entail comparing evidence across alternatives to make a
decision. Correctly interpreting benefits or cost in performance
for more or less probable stimulus alternatives would require
differentiating between sensory capacity limitation effects and
bias-induced criterion adjustments. In spite of this challenge
being well recognized, an SDT framework for disentangling
sensitivity from bias for such multialternative tasks was not
available until recently (Sridharan et al. 2014, 2017). The
m-ADC model, inspired by earlier SDT work (Ashby and
Townsend 1986; Tanner 1956), models the multialternative
decision in a multidimensional decision space and decouples
sensitivity and criterion effects on behavioral performance
(Sridharan et al. 2014). Applied to data from this study, the
m-ADC model revealed that both bias changes and sensitivity

changes independently contribute to performance benefits of
endogenous attention.

Our study follows a rich literature of psychophysics studies
that sought to distinguish endogenous attention’s effects on
sensitivity and bias. For instance, Bashinski and Bacharach
(1980) tested the effects of endogenous spatial cueing on
sensitivity and bias, using a dot stimulus detection task with
probabilistic cueing (80% valid cues). The study reported a
benefit in sensitivity on the cued side, with little corresponding
cost on the uncued side. Surprisingly, bias was found to be not
different between cued and uncued locations. In contrast to
these findings, Shaw (1984) reported that, in luminance detec-
tion tasks, focusing attention produced bias (criterion) changes
without concomitant changes of sensitivity. Along similar
lines, Müller and Findlay (1987) demonstrated results similar
to those of Shaw (1984), showing that attention primarily
produced changes of bias at the cued (relative to uncued)
location in luminance detection tasks.

These contradictions can be readily explained by differences
in the psychophysical models used to analyze these three-
alternative task designs. Bashinski and Bacharach (1980) ana-
lyzed a three-alternative detection task with two one-dimen-
sional models and grouped mislocalization responses with
misses (Supplemental Fig. S1). They also partitioned the false
alarm rates according to an ad hoc rule, a pitfall highlighted by
other studies as well (Luck et al. 1996; Müller and Findlay
1987). Similarly, Müller and Findlay (1987) employed a two-
stage signal detection model, which was unable to take into
account all nine stimulus-response contingencies in their three-
alternative task. These data were fit by ignoring miss and
mislocalization responses, although these responses constituted
a significant proportion of the overall responses. In general,
analyses that ignore any category of response can produce
inaccurate estimates of sensitivity and bias (Sridharan et al.
2014, 2017).

Similar analysis strategies were employed by recent studies
that sought to identify neural correlates and mechanisms of
sensitivity and bias (Chanes et al. 2013; Luo and Maunsell
2015). For example, Chanes et al. (2013) tested the roles of
different frequencies of stimulation with rhythmic TMS over
the right FEF, and reported frequency-specific effects of TMS
on sensitivity and criterion. This study adopted a three-alter-
native task design in which subjects had to detect and report the
location of a Gabor grating with one of three button presses
(left, right, or neither). Again, because of the lack of an
appropriate psychophysical model for analyzing this three-
alternative task, mislocalizations were entirely removed from
the analysis as “error” responses, an analysis strategy that
could lead to incorrect estimates of sensitivity and bias.

Other previous studies (e.g., Luck et al. 1996) employed a
post hoc response probe paradigm in which subjects were cued
to attend to one of multiple locations, and target presentation
was followed by a response probe. Subjects had to indicate
whether or not a target had appeared at the response probe
location, the cue being valid when the attentional cue matched
the location of the response probe (response cue validity).
Despite multiple potential stimulus locations, the response
probe rendered this a 2-AFC (Yes/No) design that could be
readily analyzed with independent one-dimensional signal de-
tection models at each location. These studies have typically
found systematic changes in sensitivity with response cue
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validity, but no reliable changes of bias (Luck et al. 1996;
Wyart et al. 2012). In contrast, the m-ADC model revealed a
graded variation of bias across cued and uncued locations, with
bias being highest at the cued location (location of highest cue
validity; Fig. 2C).

These differences may arise due to an essential distinction
between 2-AFC response probe tasks and multialternative tasks
with spatial probability cues, employed in this study (see
Supplemental Data, Discussion: Distinction between response
bias in 2-AFC tasks and choice bias in m-ADC tasks). Briefly,
in response probe tasks, decisions need be based only on
sensory evidence at the response probe location: there is no
need to compare sensory evidence at the cued location against
evidence at other, uncued locations. Therefore, criteria in such
response probe tasks likely reflect event expectation, rather
than spatial attention mechanisms (Summerfield and Egner
2009; Wyart et al. 2012, but see Rahnev et al. 2011). In
contrast, for multialternative attention tasks such as the one
employed in this, and previous studies (e.g., Cohen and Maun-
sell 2009; Müller and Findlay 1987; Wang and Krauzlis 2018),
signal probability is the only relevant attention cue. Unlike
response probe tasks in which independent Yes/No decisions
are made at each location, such multialternative attention tasks
require subjects to detect and localize the stimulus (change)
event by directly comparing sensory evidence across cued and
uncued locations, on every trial. The modulation of m-ADC
bias (difference in bCC or bLR across cued and uncued locations)
by spatial cueing, therefore, reflects a decision policy that affords
greater weight to sensory evidence at the cued versus uncued
locations. Consequently, choice criteria, as measured with the
m-ADC model, represent a measure of attention bias.

To quantify this relationship further, we formulated a dif-
ferent measure of spatial attention bias, the differential risk
curvature or �RC, which measures how sharply the risk in-
creases when making suboptimal decisions at the cued versus
at the uncued locations. We propose that processes linked to
attention are likely to control the precision with which the
subject specifies her/his choice criteria at cued versus uncued
locations. Due to differences in risk profiles (RC) at each
location (Fig. 5A), subjects would place their criteria with more
precision (less variance) at the cued location, compared with
the uncued location. Moreover, �RC is unlikely to be related to
signal expectation: while signal expectation arises from stim-
ulus statistics (e.g., event probability), it is unlikely to be
associated with the evaluation of differential risks (or benefits)
at the cued and uncued locations. We discovered that �RC
correlated strongly with m-ADC bias, but not sensitivity, both
in simulations and in real data. Finally, m-ADC choice bias,
but not sensitivity, also correlated strongly with an indepen-
dent, data-driven measure of attentional bias: �(bCC), which
quantifies the standard deviation of the choice criterion across
blocks (Fig. 5F). These converging lines of evidence further
confirm that m-ADC choice criteria represent a measure of
spatial attention, and not signal expectation, bias.

Previous studies have reported diverse effects of attention on
neural firing, tuning functions, noise correlations, and syn-
chrony (Martinez-Trujillo and Treue 2004; McAdams and
Maunsell 1999; Reynolds et al. 2000; Spitzer et al. 1988;
Zénon and Krauzlis 2012). A possible explanation for these
diverse reports is that endogenous cueing of attention engages
multiple processes, each with a distinct behavioral conse-

quence and neural signature. The m-ADC model opens up
exciting new avenues for identifying the precise component of
attention that could underlie these effects in diverse, multialter-
native attention paradigms.

ACKNOWLEDGMENTS

We thank Kelsey Clark, Behrad Noudoost, and Nicholas Steinmetz for
comments on a previous version of the manuscript and Subbulakshmi San-
karanarayanan for help with data collection.

GRANTS

This research was funded by a Wellcome Trust/Department of Biotechnol-
ogy India Alliance Fellowship [IA/I/15/2/502089], a Science and Engineering
Research Board Early Career award [ECR/2016/000403], a Pratiksha Trust
Young Investigator award, a Department of Biotechnology-Indian Institute of
Science Partnership Program grant, a Sonata Software grant, and a Tata Trusts
grant (to D. Sridharan).

DISCLOSURES

No conflicts of interest, financial or otherwise, are declared by the authors.

AUTHOR CONTRIBUTIONS

D.S. conceived and designed research; S.B. and S. Grover performed
experiments; S.B., S. Grover, and S. Ganesh analyzed data; S.B., S. Grover, S.
Ganesh, and D.S. interpreted results of experiments; S.B. and S. Ganesh
prepared figures; D.S. drafted manuscript; D.S. and S.B. edited and revised
manuscript; D.S. approved final version of manuscript.

ENDNOTE

Supplemental figures and data, along with datasets generated and ana-
lyzed during the current study, are available on: https://figshare.com/s/
b4b1f34ae4087420bd85.

REFERENCES

Ashby FG. Perceptual and Decisional Seperability. Multidimensional Models
of Perception and cognition. Hillsdale, NJ: Erlbaum, 1992, doi:10.4324/
9781315807607.

Ashby FG, Townsend JT. Varieties of perceptual independence. Psychol Rev
93: 154–179, 1986. doi:10.1037/0033-295X.93.2.154.

Baruni JK, Lau B, Salzman CD. Reward expectation differentially modu-
lates attentional behavior and activity in visual area V4. Nat Neurosci 18:
1656–1663, 2015. doi:10.1038/nn.4141.

Bashinski HS, Bacharach VR. Enhancement of perceptual sensitivity as the
result of selectively attending to spatial locations. Percept Psychophys 28:
241–248, 1980. doi:10.3758/BF03204380.

Brainard DH. The Psychophysics Toolbox. Spat Vis 10: 433–436, 1997.
doi:10.1163/156856897X00357.

Bressler SL, Tang W, Sylvester CM, Shulman GL, Corbetta M. Top-down
control of human visual cortex by frontal and parietal cortex in anticipatory
visual spatial attention. J Neurosci 28: 10056–10061, 2008. doi:10.1523/
JNEUROSCI.1776-08.2008.

Buschman TJ. Paying attention to the details of attention. Neuron 86:
1111–1113, 2015. doi:10.1016/j.neuron.2015.05.031.

Buschman TJ, Kastner S. From behavior to neural dynamics: an integrated
theory of attention. Neuron 88: 127–144, 2015. doi:10.1016/j.neuron.2015.
09.017.

Carandini M, Churchland AK. Probing perceptual decisions in rodents. Nat
Neurosci 16: 824–831, 2013. doi:10.1038/nn.3410.

Cavanaugh J, Wurtz RH. Subcortical modulation of attention counters
change blindness. J Neurosci 24: 11236 –11243, 2004. doi:10.1523/
JNEUROSCI.3724-04.2004.

Chanes L, Quentin R, Tallon-Baudry C, Valero-Cabré A. Causal frequen-
cy-specific contributions of frontal spatiotemporal patterns induced by
non-invasive neurostimulation to human visual performance. J Neurosci 33:
5000–5005, 2013. doi:10.1523/JNEUROSCI.4401-12.2013.

1552 DISSOCIABLE SENSITIVITY AND BIAS COMPONENTS OF ATTENTION

J Neurophysiol • doi:10.1152/jn.00257.2019 • www.jn.org

Downloaded from www.physiology.org/journal/jn at Indian Inst of Sci (014.139.128.034) on November 13, 2019.

https://figshare.com/s/b4b1f34ae4087420bd85
https://figshare.com/s/b4b1f34ae4087420bd85
https://doi.org/10.4324/9781315807607
https://doi.org/10.4324/9781315807607
https://doi.org/10.1037/0033-295X.93.2.154
https://doi.org/10.1038/nn.4141
https://doi.org/10.3758/BF03204380
https://doi.org/10.1163/156856897X00357
https://doi.org/10.1523/JNEUROSCI.1776-08.2008
https://doi.org/10.1523/JNEUROSCI.1776-08.2008
https://doi.org/10.1016/j.neuron.2015.05.031
https://doi.org/10.1016/j.neuron.2015.09.017
https://doi.org/10.1016/j.neuron.2015.09.017
https://doi.org/10.1038/nn.3410
https://doi.org/10.1523/JNEUROSCI.3724-04.2004
https://doi.org/10.1523/JNEUROSCI.3724-04.2004
https://doi.org/10.1523/JNEUROSCI.4401-12.2013


Ciaramitaro VM, Cameron EL, Glimcher PW. Stimulus probability directs
spatial attention: an enhancement of sensitivity in humans and monkeys.
Vision Res 41: 57–75, 2001. doi:10.1016/S0042-6989(00)00203-0.

Cohen MR, Maunsell JH. Attention improves performance primarily by
reducing interneuronal correlations. Nat Neurosci 12: 1594–1600, 2009.
doi:10.1038/nn.2439.

Corbetta M, Kincade JM, Ollinger JM, McAvoy MP, Shulman GL.
Voluntary orienting is dissociated from target detection in human posterior
parietal cortex. Nat Neurosci 3: 292–297, 2000. doi:10.1038/73009.

Crapse TB, Lau H, Basso MA. A role for the superior colliculus in decision
criteria. Neuron 97: 181–194.e6, 2018. doi:10.1016/j.neuron.2017.12.006.

de Lafuente V, Romo R. Neuronal correlates of subjective sensory experi-
ence. Nat Neurosci 8: 1698–1703, 2005. doi:10.1038/nn1587.

Dosher BA, Lu ZL. Mechanisms of perceptual attention in precuing of
location. Vision Res 40: 1269–1292, 2000. doi:10.1016/S0042-6989(00)
00019-5.

Duda RO, Hart PE, Stork DG. Pattern Classification. New York: Wiley,
1980, vol 2., doi:10.1007/s00357-007-0015-9.

Duncan J. The demonstration of capacity limitation. Cognit Psychol 12:
75–96, 1980. doi:10.1016/0010-0285(80)90004-3.

Eason RG, Harter MR, White CT. Effects of attention and arousal on
visually evoked cortical potentials and reaction time in man. Physiol Behav
4: 283–289, 1969. doi:10.1016/0031-9384(69)90176-0.

Eckstein MP, Mack SC, Liston DB, Bogush L, Menzel R, Krauzlis RJ.
Rethinking human visual attention: spatial cueing effects and optimality of
decisions by honeybees, monkeys and humans. Vision Res 85: 5–19, 2013.
doi:10.1016/j.visres.2012.12.011.

Eckstein MP, Peterson MF, Pham BT, Droll JA. Statistical decision theory
to relate neurons to behavior in the study of covert visual attention. Vision
Res 49: 1097–1128, 2009. doi:10.1016/j.visres.2008.12.008.

Ferrera VP, Yanike M, Cassanello C. Frontal eye field neurons signal
changes in decision criteria. Nat Neurosci 12: 1458–1462, 2009. doi:10.
1038/nn.2434.

Fleming SM, Weil RS, Nagy Z, Dolan RJ, Rees G. Relating introspective
accuracy to individual differences in brain structure. Science 329: 1541–
1543, 2010. doi:10.1126/science.1191883.

Graham NV. Visual Pattern Analyzers. Oxford: Oxford University Press,
1989, doi:10.1093/acprof:oso/9780195051544.001.0001

Green DM, Swets JA. Signal Detection Theory and Psychophysics. Los Altos,
CA: Peninsula, 1966

Grimaldi P, Cho SH, Lau H, Basso MA. Superior colliculus signals deci-
sions rather than confidence: analysis of single neurons. J Neurophysiol 120:
2614–2629, 2018. doi:10.1152/jn.00152.2018.

Hawkins HL, Hillyard SA, Luck SJ, Mouloua M, Downing CJ, Woodward
DP. Visual attention modulates signal detectability. J Exp Psychol Hum
Percept Perform 16: 802–811, 1990. doi:10.1037/0096-1523.16.4.802.

Herrmann K, Montaser-Kouhsari L, Carrasco M, Heeger DJ. When size
matters: attention affects performance by contrast or response gain. Nat
Neurosci 13: 1554–1559, 2010. doi:10.1038/nn.2669.

Kastner S, Ungerleider LG. Mechanisms of visual attention in the human
cortex. Annu Rev Neurosci 23: 315–341, 2000. doi:10.1146/annurev.neuro.
23.1.315.

Katsuki F, Constantinidis C. Early involvement of prefrontal cortex in visual
bottom-up attention. Nat Neurosci 15: 1160–1166, 2012. doi:10.1038/nn.
3164.

Kiani R, Shadlen MN. Representation of confidence associated with a
decision by neurons in the parietal cortex. Science 324: 759–764, 2009.
doi:10.1126/science.1169405.

Krauzlis RJ, Bollimunta A, Arcizet F, Wang L. Attention as an effect not a
cause. Trends Cogn Sci 18: 457–464, 2014. doi:10.1016/j.tics.2014.05.008.

Li S, Mayhew SD, Kourtzi Z. Learning shapes spatiotemporal brain patterns
for flexible categorical decisions. Cereb Cortex 22: 2322–2335, 2012.
doi:10.1093/cercor/bhr309.

Lovejoy LP, Krauzlis RJ. Changes in perceptual sensitivity related to spatial
cues depends on subcortical activity. Proc Natl Acad Sci USA 114: 6122–
6126, 2017. doi:10.1073/pnas.1609711114.

Luce RD. Signal Detectibility Theory. Individual Choice Behavior: A Theo-
retical Analysis. New York: Courier, 2005, doi:10.1037/14396-000.

Luck SJ, Hillyard SA, Mouloua M, Hawkins HL. Mechanisms of visual-
spatial attention: resource allocation or uncertainty reduction? J Exp Psychol
Hum Percept Perform 22: 725–737, 1996. doi:10.1037/0096-1523.22.3.725.

Luo TZ, Maunsell JH. Neuronal modulations in visual cortex are associated
with only one of multiple components of attention. Neuron 86: 1182–1188,
2015. doi:10.1016/j.neuron.2015.05.007.

Luo TZ, Maunsell JH. Attentional changes in either criterion or sensitivity
are associated with robust modulations in lateral prefrontal cortex. Neuron
97: 1382–1393.e7, 2018. doi:10.1016/j.neuron.2018.02.007.

Macmillan NA, Creelman CC. Detection Theory: A User’s Guide. Mahwah,
NJ: Erlbaum, 2005, doi:10.4324/9781410611147.

Martinez-Trujillo JC, Treue S. Feature-based attention increases the selec-
tivity of population responses in primate visual cortex. Curr Biol 14:
744–751, 2004. doi:10.1016/j.cub.2004.04.028.

McAdams CJ, Maunsell JH. Effects of attention on orientation-tuning
functions of single neurons in macaque cortical area V4. J Neurosci 19:
431–441, 1999. doi:10.1523/JNEUROSCI.19-01-00431.1999.

Moore T, Armstrong KM. Selective gating of visual signals by microstimulation
of frontal cortex. Nature 421: 370–373, 2003. doi:10.1038/nature01341.

Moran J, Desimone R. Selective attention gates visual processing in the extra-
striate cortex. Science 229: 782–784, 1985. doi:10.1126/science.4023713.

Müller HJ, Findlay JM. Sensitivity and criterion effects in the spatial cuing
of visual attention. Percept Psychophys 42: 383–399, 1987. doi:10.3758/
BF03203097.

Noudoost B, Chang MH, Steinmetz NA, Moore T. Top-down control of
visual attention. Curr Opin Neurobiol 20: 183–190, 2010. doi:10.1016/j.
conb.2010.02.003.

Palmer J. Set-size effects in visual search: the effect of attention is indepen-
dent of the stimulus for simple tasks. Vision Res 34: 1703–1721, 1994.
doi:10.1016/0042-6989(94)90128-7.

Palmer J, Moore CM. Using a filtering task to measure the spatial extent of
selective attention. Vision Res 49: 1045–1064, 2009. doi:10.1016/j.visres.
2008.02.022.

Pestilli F, Carrasco M, Heeger DJ, Gardner JL. Attentional enhancement
via selection and pooling of early sensory responses in human visual cortex.
Neuron 72: 832–846, 2011. doi:10.1016/j.neuron.2011.09.025.

Platt ML, Glimcher PW. Neural correlates of decision variables in parietal
cortex. Nature 400: 233–238, 1999. doi:10.1038/22268.

Posner MI, Snyder CR, Davidson BJ. Attention and the detection of signals.
J Exp Psychol 109: 160–174, 1980. doi:10.1037/0096-3445.109.2.160.

Rahnev D, Maniscalco B, Graves T, Huang E, de Lange FP, Lau H.
Attention induces conservative subjective biases in visual perception. Nat
Neurosci 14: 1513–1515, 2011. doi:10.1038/nn.2948.

Rahnev D, Nee DE, Riddle J, Larson AS, D’Esposito M. Causal evidence
for frontal cortex organization for perceptual decision making. Proc Natl
Acad Sci USA 113: 6059–6064, 2016. doi:10.1073/pnas.1522551113.

Reynolds JH, Pasternak T, Desimone R. Attention increases sensitivity of
V4 neurons. Neuron 26: 703–714, 2000. doi:10.1016/S0896-6273(00)
81206-4.

Rorie AE, Newsome WT. A general mechanism for decision-making in the
human brain? Trends Cogn Sci 9: 41–43, 2005. doi:10.1016/j.tics.2004.12.
007.

Shadlen MN, Newsome WT. Neural basis of a perceptual decision in the
parietal cortex (area LIP) of the rhesus monkey. J Neurophysiol 86:
1916–1936, 2001. doi:10.1152/jn.2001.86.4.1916.

Shaw ML. Division of Attention Among Spatial Locations: A Fundamental
Difference Between Detection of Letters and Detection of Luminance Incre-
ments. Attention and Performance X: Control of Language Processes.
Hillsdale, NJ: Erlbaum, 1984, p. 109–121.

Simon AJ, Schachtner JN, Gallen CL. Disentangling expectation from
selective attention during perceptual decision making. J Neurophysiol 121:
1977–1980, 2019. doi:10.1152/jn.00639.2018.

Spitzer H, Desimone R, Moran J. Increased attention enhances both behav-
ioral and neuronal performance. Science 240: 338–340, 1988. doi:10.1126/
science.3353728.

Sridharan D, Steinmetz NA, Moore T, Knudsen EI. Distinguishing bias
from sensitivity effects in multialternative detection tasks. J Vis 14: 16,
2014. doi:10.1167/14.9.16.

Sridharan D, Steinmetz NA, Moore T, Knudsen EI. Does the superior
colliculus control perceptual sensitivity or choice bias during attention?
Evidence from a multialternative decision framework. J Neurosci 37:
480–511, 2017. doi:10.1523/JNEUROSCI.4505-14.2017.

Steinmetz NA, Moore T. Eye movement preparation modulates neuronal
responses in area V4 when dissociated from attentional demands. Neuron
83: 496–506, 2014. doi:10.1016/j.neuron.2014.06.014.

Sugrue LP, Corrado GS, Newsome WT. Choosing the greater of two goods:
neural currencies for valuation and decision making. Nat Rev Neurosci 6:
363–375, 2005. doi:10.1038/nrn1666.

Summerfield C, Egner T. Expectation (and attention) in visual cognition.
Trends Cogn Sci 13: 403–409, 2009. doi:10.1016/j.tics.2009.06.003.

1553DISSOCIABLE SENSITIVITY AND BIAS COMPONENTS OF ATTENTION

J Neurophysiol • doi:10.1152/jn.00257.2019 • www.jn.org

Downloaded from www.physiology.org/journal/jn at Indian Inst of Sci (014.139.128.034) on November 13, 2019.

https://doi.org/10.1016/S0042-6989(00)00203-0
https://doi.org/10.1038/nn.2439
https://doi.org/10.1038/73009
https://doi.org/10.1016/j.neuron.2017.12.006
https://doi.org/10.1038/nn1587
https://doi.org/10.1016/S0042-6989(00)00019-5
https://doi.org/10.1016/S0042-6989(00)00019-5
https://doi.org/10.1007/s00357-007-0015-9
https://doi.org/10.1016/0010-0285(80)90004-3
https://doi.org/10.1016/0031-9384(69)90176-0
https://doi.org/10.1016/j.visres.2012.12.011
https://doi.org/10.1016/j.visres.2008.12.008
https://doi.org/10.1038/nn.2434
https://doi.org/10.1038/nn.2434
https://doi.org/10.1126/science.1191883
https://doi.org/10.1093/acprof:oso/9780195051544.001.0001
https://doi.org/10.1152/jn.00152.2018
https://doi.org/10.1037/0096-1523.16.4.802
https://doi.org/10.1038/nn.2669
https://doi.org/10.1146/annurev.neuro.23.1.315
https://doi.org/10.1146/annurev.neuro.23.1.315
https://doi.org/10.1038/nn.3164
https://doi.org/10.1038/nn.3164
https://doi.org/10.1126/science.1169405
https://doi.org/10.1016/j.tics.2014.05.008
https://doi.org/10.1093/cercor/bhr309
https://doi.org/10.1073/pnas.1609711114
https://doi.org/10.1037/14396-000
https://doi.org/10.1037/0096-1523.22.3.725
https://doi.org/10.1016/j.neuron.2015.05.007
https://doi.org/10.1016/j.neuron.2018.02.007
https://doi.org/10.4324/9781410611147
https://doi.org/10.1016/j.cub.2004.04.028
https://doi.org/10.1523/JNEUROSCI.19-01-00431.1999
https://doi.org/10.1038/nature01341
https://doi.org/10.1126/science.4023713
https://doi.org/10.3758/BF03203097
https://doi.org/10.3758/BF03203097
https://doi.org/10.1016/j.conb.2010.02.003
https://doi.org/10.1016/j.conb.2010.02.003
https://doi.org/10.1016/0042-6989(94)90128-7
https://doi.org/10.1016/j.visres.2008.02.022
https://doi.org/10.1016/j.visres.2008.02.022
https://doi.org/10.1016/j.neuron.2011.09.025
https://doi.org/10.1038/22268
https://doi.org/10.1037/0096-3445.109.2.160
https://doi.org/10.1038/nn.2948
https://doi.org/10.1073/pnas.1522551113
https://doi.org/10.1016/S0896-6273(00)81206-4
https://doi.org/10.1016/S0896-6273(00)81206-4
https://doi.org/10.1016/j.tics.2004.12.007
https://doi.org/10.1016/j.tics.2004.12.007
https://doi.org/10.1152/jn.2001.86.4.1916
https://doi.org/10.1152/jn.00639.2018
https://doi.org/10.1126/science.3353728
https://doi.org/10.1126/science.3353728
https://doi.org/10.1167/14.9.16
https://doi.org/10.1523/JNEUROSCI.4505-14.2017
https://doi.org/10.1016/j.neuron.2014.06.014
https://doi.org/10.1038/nrn1666
https://doi.org/10.1016/j.tics.2009.06.003


Tanner WP Jr. Theory of recognition. J Acoust Soc Am 28: 882–888, 1956.
doi:10.1121/1.1908504.

Wang L, Krauzlis RJ. Visual selective attention in mice. Curr Biol 28:
676–685.e4, 2018. doi:10.1016/j.cub.2018.01.038.

Wang L, Rangarajan KV, Gerfen CR, Krauzlis RJ. Activation of striatal
neurons causes a perceptual decision bias during visual change detection in
mice. Neuron 97: 1369–1381.e5, 2018. doi:10.1016/j.neuron.2018.01.049.

White CN, Mumford JA, Poldrack RA. Perceptual criteria in the human brain.
J Neurosci 32: 16716–16724, 2012. doi:10.1523/JNEUROSCI.1744-12.2012.

Wilcox RR. The percentage bend correlation coeffecient. Psychometrika 59:
601–616, 1994. doi:10.1007/BF02294395.

Williford T, Maunsell JH. Effects of spatial attention on contrast response
functions in macaque area V4. J Neurophysiol 96: 40–54, 2006. doi:10.
1152/jn.01207.2005.

Wozny DR, Beierholm UR, Shams L. Probability matching as a computa-
tional strategy used in perception. PLOS Comput Biol 6: e1000871, 2010.
doi:10.1371/journal.pcbi.1000871.

Wyart V, Nobre AC, Summerfield C. Dissociable prior influences of signal
probability and relevance on visual contrast sensitivity. Proc Natl Acad Sci
USA 109: 3593–3598, 2012. doi:10.1073/pnas.1120118109.

Zénon A, Krauzlis RJ. Attention deficits without cortical neuronal deficits.
Nature 489: 434–437, 2012. doi:10.1038/nature11497.

1554 DISSOCIABLE SENSITIVITY AND BIAS COMPONENTS OF ATTENTION

J Neurophysiol • doi:10.1152/jn.00257.2019 • www.jn.org

Downloaded from www.physiology.org/journal/jn at Indian Inst of Sci (014.139.128.034) on November 13, 2019.

https://doi.org/10.1121/1.1908504
https://doi.org/10.1016/j.cub.2018.01.038
https://doi.org/10.1016/j.neuron.2018.01.049
https://doi.org/10.1523/JNEUROSCI.1744-12.2012
https://doi.org/10.1007/BF02294395
https://doi.org/10.1152/jn.01207.2005
https://doi.org/10.1152/jn.01207.2005
https://doi.org/10.1371/journal.pcbi.1000871
https://doi.org/10.1073/pnas.1120118109
https://doi.org/10.1038/nature11497

