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Two Bayesian observer models were recently proposed to account for data from the Eriksen flanker task,
in which flanking items interfere with processing of a central target. One model assumes that interference
stems from a perceptual bias to process nearby items as if they are compatible, and the other assumes that
the interference is due to spatial uncertainty in the visual system (Yu, Dayan, & Cohen, 2009). Both
models were shown to produce one aspect of the empirical data, the below-chance dip in accuracy for
fast responses to incongruent trials. However, the models had not been fit to the full set of behavioral data
from the flanker task, nor had they been contrasted with other models. The present study demonstrates
that neither model can account for the behavioral data as well as a comparison spotlight-diffusion model.
Both observer models missed key aspects of the data, challenging the validity of their underlying
mechanisms. Analysis of a new hybrid model showed that the shortcomings of the observer models stem
from their assumptions about visual processing, not the use of a Bayesian decision process.
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The Eriksen flanker task has been widely employed to explore
visual processing and attention (Eriksen & Eriksen, 1974). In the basic
task, an observer must identify a target item that is surrounded, or
flanked, by other items that are to be ignored. Congruent trials include
flankers that indicate the same response as the target, whereas incon-
gruent trials indicate the opposite response. For example, if the ob-
server had to identify whether a central target was a � or a �, a
congruent trial would include ��� whereas an incongruent trial
includes � � �. The standard finding is that incongruent flankers
produce interference, leading to slower and less accurate responses
compared to the congruent condition.

The influence of the incongruent flankers can best be seen by
plotting the conditional accuracy function (CAF), in which accu-
racy is displayed for responses that fall within different bins (e.g.,
300–325 ms). Figure 1 shows an idealized CAF that reflects the
standard finding: responses for incongruent trials dip below chance
for fast responses, but rise sharply toward asymptote for longer
responses. This shows that the interference from the incongruent

flankers is strongest early in the trial, but diminished later. This
pattern can also be seen in the mean response times (RTs), with
faster errors than correct responses for incongruent trials (e.g.,
White, Ratcliff, & Starns, 2011).

Several models have been proposed to account for processing in
the flanker task. The goal of the present study was to assess the
validity of recent Bayesian observer models of flanker processing.
Yu and colleagues (Liu, Yu, & Holmes, 2009; Yu et al., 2009)
demonstrated that the qualitative patterns in the data could be
produced by two variants of a Bayesian observer model. However,
neither of these models was fit to the full set of behavioral data;
thus, it is not known whether they can adequately account for all
of the data from the flanker task. Further, the models have not yet
been compared to other extant models of flanker processing to
assess the relative performance. To address this we fit the Bayesian
observer models to behavioral data from a simple flanker experi-
ment and compared to a shrinking-spotlight diffusion model that
was recently shown to account for flanker data across several
experimental manipulations (White et al., 2011). The next section
introduces the models with focus on how they account for the
effects of flanker interference.

Models of Flanker Processing

Four models of flanker processing were compared in the present
study: a Bayesian spatial uncertainty model, a Bayesian compati-
bility bias model, a spotlight diffusion model, and a novel Bayes-
ian spotlight model developed herein. Although the models have
different structures, they all share the common assumption that
noisy information is sampled and accumulated over time until a
threshold is reached.
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Bayesian Observer Models

The two Bayesian observer models proposed by Yu, Dayan, and
Cohen (2009) share the same framework. For the remainder of the
study, these models will be referred to as the observer models
rather than the Bayesian models to emphasize that the Bayesian
components of the models are not necessarily the most crucial to
their performance (see Discussion). Both of the observer models
assume that the stimulus produces noisy inputs to the perceptual
system that are sampled over time. The observer accumulates these
noisy samples and uses them to determine the identity of the
stimulus. The left side of Figure 2 shows the basic structure of the
models. The models assume that each item in the display produces
noisy perceptual input, represented by the normal distributions in
the left side of Figure 2. Leftward facing arrows produce input
centered at �1 and rightward facing arrows produce input centered
at �1. The variability of the perceptual inputs is determined by a
free parameter, �1

2. At each unit of time (e.g., �1 ms), a value is
sampled from each item in the display and accumulated. The
accumulated samples for each item determine the observer’s belief
about that item’s identity. That is, what is the probability that this
sample was obtained given a right or left arrow? Due to the noisy
sampling, certainty about the item’s identity increases as more
samples are accumulated. The decision process is based on pattern-
matching, and proceeds concurrently with the perceptual sampling
to determine the observer’s belief about which stimulus is being
viewed. The observer decides at each time step whether the current
perceptual information is more consistent with a display that is
congruent with left target, congruent with right target, incongruent
with left target, or incongruent with right target (see Figure 2).
Then the decision involves summing over congruency to deter-
mine the relative probabilities that the display includes a left target
(congruent or incongruent) or right target (congruent or incongru-
ent). If either probability passes a threshold, q, then the corre-
sponding response is selected.

In this framework, the observer updates their belief about the
identity of the presented stimulus. The posterior probability in
Equation 1 gives the ideal observer’s belief about the target iden-
tity (star) and stimulus congruency based on the sampled inputs
(see Yu et al., 2009 for details).

P�star, M�Xt	 �
p�xt�star, M	 P�star, M�Xt�1	

¥s
, M
 p�xt�s
tar, M
	 P�s
tar, M
�Xt�1	

(1)

In this equation, Xt indicates the vector of total inputs accumu-
lated until time t, and s
 refers to the other items in the display. The
compatibility of the stimulus is denoted by M, where M � 1 if the
flankers are congruent and M � 0 if they are not. In addition to
providing belief about the identity of the target, Equation 1 also
allows the observers to determine if the display is congruent or not.
Although standard flanker tasks do not require decisions based on
congruency, Yu and colleagues (2009) show how such decisions
could be performed in this framework. Regardless, since the pres-
ent study focuses on traditional flanker experiments where the
decision is based on the identity of the target, the congruency
calculation will not be discussed further.

The two observer models are implemented in this general frame-
work and share several components. The amount of evidence required
for the response is reflected by the response threshold, q. The thresh-
old can range from .5–1, and a higher value (e.g., .95) will lead to
slower but more accurate responses because more evidence is re-
quired to make the decision. The variance parameter, �1

2, determines
the amount of noise in the perceptual inputs. A large value of �1

2

means that many samples are required to overcome the perceptual
noise and form an accurate belief about the stimulus. The weighting
parameter, ai, scales the contribution each item for the decision, which
is particularly important for the spatial uncertainty model (see below).
A large value of a1 means that each item produces strong perceptual
input to drive the decision process.

The compatibility bias model assumes that our perceptual systems
are biased to process nearby items as if they are compatible or
congruent with each other. The bias parameter, ß, can range from .5
(no bias) to 1 (complete bias), and leads to preferential weighting of
the compatible stimulus arrays discussed above (Figure 2, top right).
With a high value of ß (e.g., .9), much more weight is given to the
compatible than the incompatible stimulus. To see how this influences
the decision process, we take an example trial with a left, incongruent
stimulus (� � � � �). Early in the trial, the noisy perceptual input
will favor (� � � � �) and (� � � � �) over (� � � � �) and
(� � � � �) because of the greater total overlap between the
patterns. If there is significant compatibility bias (high ß), the
congruent patterns will be weighted more heavily than the incon-
gruent patterns. When coupled with the noisy perceptual informa-
tion, the compatibility bias leads the observer’s overall belief to be
strongest for the congruent pattern that highly overlaps the stim-
ulus (� � � � �) rather than the actual stimulus (� � � � �),
which can lead to the incorrect response (“right”). The impact is
most pronounced early in the trial when the sampled perceptual
input is relatively poor, leading to fast errors and the characteristic
below-chance dip in accuracy for fast responses. As more inputs
are sampled, the perceptual input eventually outweighs the bias
and favors the correct pattern, leading to the correct response.
Thus, early responses for incongruent trials can dip below chance,
consistent with the empirical CAFs. In the general framework of
the observer models, the compatibility bias model is implemented
by assuming that ß � .5.

The spatial uncertainty model assumes that each item in the
display partially affects its neighbors due to overlapping spatial
representations (Figure 2, bottom right). The idea is that neural
receptive fields in areas involved in object recognition (e.g., V4)
can cover large areas of the visual field (up to 20 degrees, Desi-
mone & Gross, 1979). Consequently, some neurons in these re-
gions will respond to both an item and its neighbors, resulting in

Figure 1. Idealized conditional accuracy function from a flanker task (see
text).
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overlap in the perceptual representations. Variations of this con-
cept have been proposed previously in this domain (e.g., Logan,
1996) and in others (e.g., Gomez, Ratcliff, & Perea, 2008; Ratcliff,
1981; Ratcliff & Starns, 2009). With overlapping representations,
the input for each item is a combination of the item itself and some
portion of the neighboring items. For this model, compatibility
bias is set at .5 (no bias), and parameters are added for the
contribution of the neighboring items to the mean and standard
deviation of the perceptual samples. Equation 2 gives the percep-
tual inputs for the spatial uncertainty model, where each xi is the
momentary perceptual sample from the item.

xouter�t	 � N�a1�outer � a2�inner, �1
2 � �2

2	
xinner�t	 � N�a1�inner � a2�outer � a2�target, �1

2 � 2�2
2	

xtarget�t	 � N�a1�target � a2�inner � a2�inner, �1
2 � 2�2

2	
(2)

Thus, a1 and �1
2 determine the relative contribution of the item

itself to the perceptual input, and a2 and �2
2 determine the contri-

bution of its neighbors. As a2 increases relative to a1, the percep-

tual input from each item becomes more contaminated by its
neighbors. The neighboring items also contribute to the variance of
xi by the parameter �2

2. Thus, if a right arrow is neighbored by a
left arrow, the distribution of perceptual input for the target will be
on a value less than �1 (see Figure 2, bottom right). That is, the
contamination from the neighbor causes the target to appear less
“rightward.” Consequently, the target input is less accurate for
incongruent compared to congruent trials, increasing the probabil-
ity of selecting the wrong response. Similar to the bias model,
early errors in the incongruent condition arise because early per-
ceptual input is relatively poor and influenced by neighboring
items, but later responses are less influenced because more accu-
rate perceptual information has been accumulated.

To allow the models to fit the data a scaling parameter, s, was
added to translate the model steps into RT, and a nondecision time
parameter, Ter, was added to account for processing time outside
of the decision process. The scaling parameter was allowed to
freely vary and set at a starting value of 2 based on a rough

Figure 2. Bayesian observer models of flanker processing. Left: General framework for both models. Noisy
perceptual input from each item is sampled and used to perform pattern-matching. Each xt refers to the momentary
sample of input from an item, and each Xt refers to the vector of all the inputs sampled until time t. As more samples
are accumulated, the observer’s belief about the items’ identities becomes more certain. The decision is based on the
total probability of the display having a left target (congruent or incongruent) versus the probability of a right target.
Right: how the two versions of the observer models are implemented in the general framework. The compatibility bias
model (top right) assumes that preferential weight is given to compatible stimuli ( � .5), essentially increasing the
evidence for those stimulus patterns in the decision process. The spatial uncertainty model assumes that neighboring
items interfere with each other (bottom right). The mean and variance of the perceptual input for an item is determined
by the relative weight from the item, a2 and �1, and its neighbor, a2 and �2 (see text).
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estimate from the data. The original models included a fast-guess
parameter, a, to account for the effects of a response deadline (see
Yu et al., 2009). Since none of the experiments in this study
employed such a deadline, a was not included in the models.

Spotlight Diffusion Model

For comparison, the shrinking spotlight diffusion model of White,
Ratcliff, and Starns (2011) was included. A schematic of the model is
shown in Figure 3. The model incorporates the principles of a shrink-
ing spotlight into a diffusion model framework to produce predicted
RT distributions and accuracy values. The standard diffusion model
(Ratcliff, 1978; Ratcliff & McKoon, 2008) assumes that noisy infor-
mation is sampled and accumulated until one of two boundaries is
reached, similar to sampling in the observer models. Importantly, the
standard diffusion model assumes a constant source of evidence
during the decision, but this assumption is replaced in the spotlight
diffusion model with time-varying evidence that is governed by the
spotlight component. Thus, similar to the observer models, the evi-
dence driving the decision early in a trial is not necessarily the same
as that later in the trial.

Spotlight or zoom-lens models assume that visual attention can
be conceptualized as a spotlight in neural space (e.g., Eriksen & St.
James, 1986), whereby any items within the spotlight get pro-
cessed. The spotlight is represented as a normal distribution in
Figure 3 to capture the idea that attentional resources drop off
gradually near the edge of the spotlight. We assume that the
spotlight is always centered properly on the target. The size of the
spotlight at stimulus onset can be thought to result from attentional
capture. Thus, even though the instructions are to focus solely on
the target, all of the items receive some attention early in the trial.
Importantly, the size of the spotlight can be modulated by engag-
ing attention. Over time the spotlight can be narrowed to focus on
the target item, eliminating the interference from the flankers. In
this framework, attention is diffuse at stimulus onset and the
flankers can produce significant interference. But as the spotlight
shrinks, the interference is eliminated, leaving accurate informa-
tion based on the target alone. White et al. (2011) incorporated
these spotlight components into a diffusion model framework and
demonstrated that it could account for flanker data from a number
of different manipulations.

In the spotlight diffusion model, the total evidence that drives
the decision (i.e., the drift rate) is a function of the perceptual input
strength of each item, p (positive or negative depending on the
direction of the arrow), weighted by the proportion of attentional
spotlight that is allocated to it. The spotlight component of the
model is reflected by two parameters, sda and rd. The initial width
of the spotlight, sda, determines the relative contribution of the
flankers and targets. A wide spotlight means that the flankers have
more influence than the target, which leads to below-chance re-
sponses for incongruent trials. The parameter rd indexes the rate or
speed of attentional focusing. Once the decision process begins,
the width of the spotlight decreases linearly by rd at each time step.
Thus, the spotlight parameters determine the initial influence of the
flankers and the speed at which their impact is reduced.

We define each item’s region as one unit wide with the target
centered at 0 (see Figure 3). To ensure that the total attentional area
always sums to 1, any portion of the attentional distribution that
exceeds the outer flanker range is allocated to the outer flanker.
This also allows the models to capture potential edge effects,
because a wide spotlight results in more attentional capacity allo-
cated to the outer compared to the inner items. The original
allocation of attention for the target, right inner flanker, and right
outer flanker (left flankers are symmetrical), is given as:

aouter�t	 ��
1.5

�

��0, sda�t	�; ainner�t	 ��
.5

1.5

��0, sda�t	�;

atarget�t	 ��
�.5

.5

��0, sda�t	� (3)

In Equation 3, � is the density function for a normal distribution
with mean 0 and standard deviation sda. Over time the width of the
spotlight, sda(t), approaches 0, and thus, the influence of the
flankers is eliminated. The spotlight is assumed to have a mini-
mum width (.001) to prevent sda from becoming negative as time
grows larger.

Figure 3. Spotlight diffusion model. Left: Attention is represented by a spotlight over the items, which can be
narrowed on the target to improve performance. Right: The total evidence from the spotlight component drives a
diffusion process, where evidence is sampled over time until the process reaches a boundary corresponding to one of
the choices (L or R). The curved arrow represents the decision evidence that changes over time. In the diffusion
process, a is the total distance between the boundaries, and z is the starting point of evidence accumulation.
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Although the spotlight diffusion model is formulated in a dif-
ferent framework than the observer models, it shares many of the
same components. The diffusion model component assumes that
noisy input is sampled until a criterial amount is reached, similar
to the observer models. The response threshold is represented by
the distance between the two boundaries, a (see Figure 2, right).
Similar to the threshold, q, for the observer models, a larger value
of a leads to slower but more accurate responses. The input
provided by each item in the stimulus is represented by p, which
is positive or negative depending on the direction of the arrow.
Similar to the weighting parameter a1 in the observer models, a
large value of p indicates that each arrow provides strong evidence
for the respective response, whereas a small value indicates weak
evidence. The starting point between the boundaries, z, reflects
response bias, but was fixed at a/2 for this study (no bias). The
nondecision time parameter, Ter, is the same as for the observer
models. The within-trial noise in the evidence accumulation, s, can
act as a scaling parameter and was fixed at .1, consistent with
previous diffusion model applications (Ratcliff & Tuerlinckx,
2002; but see Donkin, Brown, & Heathcote, 2009).

Bayesian Spotlight Model

An important distinction to note is that the observer models
differ from the spotlight model in two regards: the decision mech-
anism and the assumptions about spatial attention. Thus, differ-
ences among the models could stem from the decision mechanism
rather than the attentional assumptions. A natural way to test this
would be to implement the attentional assumptions from one
model into the decision process of the other. However, the atten-
tional components in the observer models are closely tied to the
pattern-matching component of decision process, making them
difficult to implement in a diffusion model. The compatibility bias
parameter, for example, exerts its influence during the pattern-
matching components of the decision process, and thus, can only
be implemented when combined with pattern matching. Thus, it is
difficult to implement the mechanisms for compatibility bias and
spatial overlap into a diffusion model without retaining the pattern-
matching component. However, we can still separate the effects of
the decision and attention processes by incorporating the spotlight
attentional components into the Bayesian probability decision pro-
cess.

We created a Bayesian spotlight model to test the relative
impact of the attentional and decision components. Note that this
model will mimic the spotlight diffusion model in many ways. The
model uses the same spotlight components as the diffusion model,
but the resulting decision evidence is fed into the probability-based
framework used in the observer models. In brief, the spotlight
component produces a value of the perceptual evidence (pe) be-
tween �1 (only left arrows in the spotlight) and �1 (only right
arrows in the spotlight) that changes over time as the spotlight is
narrowed. This is identical to the component in the diffusion
model, where the spotlight value is scaled into a drift rate by p. In
the Bayesian spotlight model, this value is scaled into a probability
by the parameter ap, and accumulated in the same manner as for
the original observer models. Equation 4 gives the scaling of
perceptual evidence into decision evidence.

p�R * pe	 � .5 � �ap * pe	 (4)

To retain the concept of noise in the accumulation process, the
momentary evidence at each time step is sampled from a normal
distribution with standard deviation, e (because the values are
given as probabilities, they were truncated to remain between 0
and 1). Thus, if the spotlight evidence at time t was .55 (more
likely a right target), the actual value sampled in the decision
process might be .48 or .57. At each time step, the momentary
evidence is multiplied with the current total evidence to update the
observer’s belief about the target, just as with the other observer
models. The Bayesian spotlight model includes the following
parameters: response threshold (q), spotlight width (sda), narrow-
ing rate (rd), probability scaling (ap), nondecision time (Ter),
within-trial noise (e), and RT scaling (s).

Model Overview

Yu et al. (2009) showed that both the compatibility bias and
spatial uncertainty models can produce the characteristic below-
chance dip for incongruent trials in the CAF. Unfortunately, the
data for the CAFs are noisy and highly variable because relatively
few responses have terminated by the earliest bins (e.g., 300�325
ms). Further, fitting the CAF does not guarantee good accord with
all of the behavioral data. For example, Yu et al. (2009) chose a
particular set of parameter values for the compatibility bias model
that produced a below-chance dip in the CAF, and used this
accordance as support for the model. However, those same param-
eter values predict accuracy near 65% for incongruent trials, which
is substantially lower than the 80�90% typically found (e.g.,
Gratton, Coles, Sirevaag, & Eriksen, 1988). Thus, although those
parameter values produced the correct form of the CAF, they did
not produce the correct accuracy values. Because the early portion
of the CAF relates to a small proportion of the data, fitting the CAF
ignores the majority of the data.

Since neither of the observer models were fit to the full set of
behavioral data, their validity is yet to be established. In contrast,
the spotlight diffusion model was shown to account for the form of
the CAF, the accuracy values, and the distributions of correct and
error RTs for each condition across several experimental manip-
ulations in the flanker task (White et al., 2011). Thus, the spotlight
model provides a good benchmark against which to compare the
observer models. We used data from a basic flanker experiment to
contrast the processing models. Each model was formulated for a
five-item display to correspond to the experiment. In terms of
model complexity, the spatial uncertainty and Bayesian spotlight
models have seven free parameters, the bias model has six, and the
spotlight model has five. Thus, the observer and Bayesian spotlight
models could be considered more flexible than the spotlight dif-
fusion model, implying the need for measures to correct for dif-
ferences in flexibility (e.g., Schwarz, 1978). However, the results
will later show that the more-flexible models provide worse fits,
precluding the need to correct for complexity.

Experiment

Data were taken from Experiment 1 of White et al. (2011),
which involved a simple flanker task with an equal number of
congruent and incongruent arrow stimuli. Critical details are pre-
sented below, but readers are directed to White et al. (2011) for full
details.
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A standard flanker experiment was conducted in which partic-
ipants were instructed to decide if the central arrow in a display of
five arrows faced left or right, and to respond quickly and accu-
rately. No other speed instructions were given. They were in-
formed that the surrounding arrows might face the same or oppo-
site direction as the target, but they were supposed to base their
responses on the target only. Responses were collected from the
keyboard, with the “/” key indicating a right-facing target, and the
“z” key indicating a left-facing target. No error feedback was
provided. The stimuli were presented uncued and remained on
screen until a response was given, followed by 350 ms of blank
screen until the next trial. The number of congruent and incongru-
ent trials was equal, as were the number left and right target trials.
Participants completed 48 practice trials followed by eight blocks
of 96 trials. Each block of trials had an equal number of left and
right targets, and congruent and incongruent stimuli. The entire
experiment lasted approximately 40 minutes. There were 25 stu-
dents from Ohio State University who participated for course
credit.

Each stimulus array contained five arrows (� or �) displayed
on top of each other in a vertical column (e.g., Figure 2, left), with
the central (target) arrow in the center of the screen. Each arrow
subtended .7 degree of visual angle, with .4 degree separation
between the arrows. For congruent trials, the flankers faced the
same direction as the target, whereas for incongruent trials the
flankers faced the opposite direction. The flanking arrows were
always symmetrically displayed around the target.

Results

Responses shorter than 300 ms or longer than 1,500 ms were
excluded from analyses (less than .9% of the data). Data were
collapsed across trials with right and left facing targets. The
accuracy values, mean RTs for correct and error responses, and
number of observations for each condition are shown in Table 1.
As expected, accuracy was lower and RTs were longer for incon-
gruent compared to congruent trials.

The data are graphically displayed in two ways. Figure 4 (top)
shows the quantile probability function (QPF) from Experiment 1
(along with the predictions from the models). For clarity, the same
data are replotted in each column of Figure 4 to show the relation
to the predictions of each of the models. The QPF displays the
accuracy values and the correct and error RT distributions simul-
taneously. The position on the x-axis indicates the probability of a
response, with correct responses on the right and errors on the left.
The points in the figure are the quantiles (.1, .3, .5, .7, .9) of the RT
distributions, which provide a summary of the distribution shape.
Thus, the lowest point for a condition represents the fastest 10% of

responses, or leading edge of the distribution, and the highest point
represents the slowest 10% of responses, or tail of the distribution.
For all of the QPFs presented in this study, data from congruent
trials are represented by the column of circles nearest 1 for correct
responses and the column nearest 0 for error responses. Due to
the low number of errors for congruent trials, only the median
quantile is presented in the graphs. Incongruent trials are repre-
sented by the columns nearer the center of the graphs. The QPFs
show that the incongruent condition led to slower and less accurate
responses, and the errors for incongruent trials were substantially
faster than correct responses. The confidence ellipses on the data
represent 95% confidence intervals that were calculated by boot-
strapping the data (see White et al., 2011).

The data are also displayed as CAFs with 25 ms bins (e.g.,
300�325 ms, Figure 4 bottom). The CAF provides useful infor-
mation about the relative speed of correct and error responses for
each condition. However, while early responses for incongruent
trials are below chance, overall accuracy for that condition is still
around 90% because relatively few trials had terminated by 350
ms. Accordingly, data for the fastest bins are sparse and more
variable. Further, not all participants had responses that terminated
in the earliest bins. Together, these aspects of the CAF suggest that
it should be used primarily to judge qualitative, rather than quan-
titative, patterns. It is also important to note that since CAFs
display the relative proportions of trials that have terminated at
different time points, they only provide an indirect display of the
time-varying evidence that is driving the responses.

There is an apparent difference in the CAF from this experiment
and some previous studies, namely that the earliest responses in
Experiment 1 were well below chance (50%). Previous studies
have used response deadlines and time pressure to increase the
number of fast responses and showed that responses for incongru-
ent trials started at chance for the fastest RT bins and then dipped
below chance (e.g., Gratton et al., 1988). This indicates that the
speed pressure induced fast-guessing by the participants. Since the
design of Experiment 1 relied on free responses, the CAFs in
Figure 4 do not show effects of fast guessing. Accordingly, the
earliest responses start well below chance, and none of the models
required mechanisms to account for fast guesses (see Yu et al.,
2009).

Model Fitting

Each model was fit to the data using a SIMPLEX routine for �2

minimization. Fits were performed to both individual and grouped
data with similar results, so results are presented for the averaged
data. The data entered into the fitting routine were the accuracy
values, RT quantiles (.1, .3, .5, .7, .9) for correct and error re-
sponses, and the number of observations for each condition (see
Ratcliff & Tuerlinckx, 2002). For each model, a set of parameter
values was chosen, simulated data were generated (40,000 obser-
vations), the predicted quantile proportions were compared against
the observed quantile proportions, and the difference was weighted
by the number of observations to produce a �2 value. This �2 value
was then minimized by the SIMPLEX routine. Each model was
simulated several times with different starting values to ensure the
results were not due to local minima in the parameter space.

This method of model fitting ensured that the models had to
account for the entire data set from the experiment, including the

Table 1
Accuracy and Reaction Times Averaged Across Subjects for
Experiment 1

Condition Accuracy Correct RT Error RT

Congruent .985 (.01) 466 (32) 473 (89)
Incongruent .909 (.07) 544 (34) 408 (31)

Note. SDs are shown in parenthesis.
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accuracy values, RT distributions, and number of observations for
correct and error responses. The �2 values from the fitting routine
provide a measure of model fit. However, the �2 value is sensitive
to the number of observations. The conditions in Experiment 1
have nearly 10,000 observations each, meaning that even a small
misfit from the model would produce a significant �2 value.
Further, because group data were fit rather than individuals, the
resulting �2 values do not follow a typical �2 distribution (see
Ratcliff & Smith, 2004). In light of this, the �2 values are used as
a measure of relative fit quality among the models. In addition to
the quantitative comparison based on �2, qualitative fit can be
assessed the graphical display in Figure 4.

No parameters were allowed to freely vary between conditions,
so the models would need to account for data from the congruent
and incongruent conditions with only the perceptual input values
differing (which were constrained depending on the direction of
the arrows). The best fitting parameters for each model are shown
in Table 2. The fit quality was significantly poorer for both of the
observer models compared to the spotlight models, both in terms
of �2 and qualitative correspondence with the data.

The model predictions are shown in Figure 4 for each model. As
was shown in White et al. (2011), the predicted values for the
spotlight diffusion model fall within the confidence ellipses in the
QPF, showing good accord with the data. The CAF plots also show
that the spotlight diffusion model captured the main trends in the
data, showing below-chance accuracy for the fastest responses and
a sharp rise to asymptote for the incongruent conditions. Note that
the models are not fit to the CAF but rather the data in the QPFs
(along with the number of observations in each condition). The
Bayesian spotlight model also captured the main trends in the data,
though the fit quality was numerically worse than the spotlight
diffusion model.

The fit quality was much poorer for the observer models, par-
ticularly the spatial uncertainty model. The observer models fail to
capture the qualitative patterns in the data, specifically the relative
speed of correct and error responses for the incongruent trials,
which can be seen in Figure 4. They fail primarily because the
mechanism for improving evidence, accumulating more perceptual
information through sampling, is relatively slow compared to the
dynamic attention mechanism in the spotlight model. If the models

Figure 4. Behavioral data and predictions from the best-fitting parameters for each model. Each column shows
the same behavioral data plotted with the predictions of a specific model. The top panel shows quantile
probability functions with 95% confidence ellipses that were constructed by bootstrapping the data (see White
et al., 2011). The bottom panel shows condition accuracy functions.
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assume a large influence of the flankers early on (from a strong
compatibility bias or large overlap), they capture the early dip in
the CAF, but predict incongruent responses that are too inaccurate
and slow because the perceptual sampling mechanism takes too
long to overcome the early interference. Conversely, if the models
assume a small influence of the flankers early on, the accuracy
values are better predicted, but the models fail to produce the
below-chance dip in the CAF, and they fail to predict significantly
faster errors than correct responses for incongruent trials. As
Figure 4 shows, the best fitting parameters from both observer
models predict very little influence from the flankers. For the
compatibility bias model, ß was estimated at .72, which is slightly
greater than the value necessary (.675) to produce a below-chance
dip in the posterior odds (i.e., decision evidence) for a 5-item
display (see Yu et al., 2009 for details). However, this slight dip in
the posterior odds was not sufficient to produce below-chance
responses for the incongruent trials when coupled with the other
parameters. For the spatial uncertainty model, the overlap param-
eter (a2) was relatively low as well, predicting about 20% overlap
from the neighboring item that also fails to produce a below-
chance dip in the CAF. The failure of the observer models to
capture the qualitative patterns in the data corroborates the poor
quantitative fits (see Heinke & Backhaus, 2011) and suggests
significant limitations to the models.

Discussion

The observer models were unable to account for the accuracy
values and the relative speed of correct and error responses for
congruent and incongruent trials. The primary shortcoming of the
models is their inability to produce high early interference and yet
high overall accuracy for incongruent trials. This is because the
method of improving the decision evidence, sampling more noisy
information, is too slow to overcome a large amount of influence
in time to lead to accurate responses. In contrast, the spotlight
models have a fast mechanism for improving the evidence (i.e.,
narrowing the spotlight), allowing for better accord with the data.

Although there was a numerical advantage for the diffusion model,
both versions of the spotlight model provided a better quantitative
fit than the observer models, and importantly captured qualitative
patterns that the observer models could not. The relative success of
the Bayesian spotlight model suggests that the shortcoming of the
observer models is not due to their probability-based decision
sampling.

Yu and colleagues (2009) mentioned the possibility of adding a
conflict-based mechanism in the models that could reduce flanker
interference more effectively than the standard models. In brief,
the observer might calculate the amount of conflict in the trial in
a similar manner as the decision evidence, and then adjust their
processing based on the conflict. If the amount of conflict exceeds
an observer-set threshold, the observer could switch to indepen-
dent processing of each item in the display (i.e., the overlap is
reduced to zero). Such a mechanism could improve the fit quality
of the observer models by providing a stronger mechanism to
improve the decision evidence (in addition to the original mech-
anism of sampling more inputs). However, the addition of a
conflict mechanism would increase the complexity of the models
and lead to a less parsimonious account of the flanker effect.
Whereas the models tested in the present study attribute the effect
to a single phenomenon (narrowing attention, compatibility bias,
or spatial uncertainty), the conflict model would require two mech-
anisms (bias/overlap and conflict adaptation). The conflict mech-
anism would also result in a discrete, all-or-none improvement in
decision evidence once the conflict threshold is reached, which
would make it a variant of a dual process model. It has been
recently shown that dual process models do not account for certain
types of flanker data as well as single process models like the
spotlight model presented in this study (White et al., 2011), though
they might be more appropriate for situations involving more
complex flanker stimuli (see Hübner, Steinhauser, & Lehle, 2010).

Beyond Basic Flanker Effects

The present study employed very basic flanker stimuli and
focused solely on congruent and incongruent trials. Consequently
the results of this study do not address many of the nuances of
visual attention and flanker processing. There is a rich literature on
flanker effects that includes a myriad of experimental manipula-
tions. For example, different stimuli (e.g., A or E) can be mapped
onto the same response to disrupt the association between stimulus
and response (e.g., Eriksen & Eriksen, 1974), item spacing and
grouping can be manipulated to affect flanker interference (Eriksen &
Eriksen, 1974; Hübner, et al., 2010), and features other than visual
proximity, like motion, can be used to affect flanker interference
(Driver & Baylis, 1989). Further, neutral conditions (- - � - -) and
more complex congruency conditions (� � � � �) can be em-
ployed to constrain models of flanker processing.

The results of this study only speak to a small subset of flanker
effects. However, the stimuli and conditions used in this study are
still useful for assessing the models’ ability to capture the basic
flanker effects. The below-chance dip and relative speed of correct
and error responses from the standard conditions in this study are
robust effects that are relatively consistent across different manip-
ulations. Increasing the spacing between items might decrease the
magnitude of the flanker interference, but the overall pattern of
early errors and late correct responses for incongruent trials is still

Table 2
Best Fitting Model Parameters For Experiment 1

Spotlight Diffusion a Ter p rd sda �2

.129 301 .383 .018 1.86 631.5

Compatibility Bias q Ter ß a1 �1 s

.936 314.3 .726 1.12 8.91 2.00 1552.5

Spatial Uncertainty q Ter a1 a2 �1 �2 s

.939 288.1 1.53 .348 6.19 3.60 2.70 4411.1

Bayesian Spotlight q Ter ap rd sda e s

.958 305.1 .011 .033 1.53 .063 2.24 658.8

Note. a � boundary separation; Ter � mean nondecision time; p �
perceptual input; sda � spotlight width; rd � rate of decrease in spotlight;
q � response threshold; ß � compatibility bias; a1 � weight for each item;
a2 � weight for neighboring items; �1 � variance for item; �2 � variance
for neighboring items; ap � probability scaling; e � within-trial variabil-
ity; s � RT scaling (see text for details).
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observed (e.g., Hübner, et al., 2010). Additional assumptions
would have to be incorporated into the spotlight models to account
for the full range of flanker effects (see White et al., 2011 for
related discussion). However, the results of this study are still
informative for models of flanker processing, as the inability of the
observer models to account for the basic flanker effects suggests
fundamental inadequacies in the assumptions of those models.

The models tested in this study could be expanded to incorpo-
rate trial-by-trial variability in the components. Standard applica-
tions of the diffusion model include across-trial variability in
nondecision time, starting point, and drift rate, which are needed to
handle the various relationships between correct and error RTs
(see Ratcliff & McKoon, 2008). We purposefully excluded those
parameters in our model comparison to focus on the primary
components of each model. However, the fit quality would be
improved by incorporating these variability parameters. White et
al. (2011) took this approach and showed how the addition of these
variability parameters improved the fit of the spotlight diffusion
model. The values of the primary model components were not
greatly affected by the addition of the variability parameters,
suggesting that there are no substantial parameter tradeoffs. Thus,
their exclusion in this study did not likely affect the overall
conclusions.

Conclusion

The present study demonstrates that the observer models pro-
posed by Yu et al. (2009) are unable to account for data from the
standard flanker task. Although both the compatibility bias and
spatial uncertainty models are capable of producing the character-
istic below-chance dip in the CAF that is observed for incongruent
trials, the models failed to account for the overall pattern of
empirical data. In contrast, the spotlight diffusion model accounted
for both the functional form of the CAF and the overall pattern of
accuracy and RTs. We further showed that the spotlight compo-
nent could be successfully implemented in a Bayesian probability
decision process, suggesting that the shortcomings of the observer
models stem from their assumptions about attentional processing.
Thus, the data do not support the observer models’ assumptions of
compatibility bias or spatial uncertainty in flanker processing.
Importantly, the results of this study should not be taken to
challenge the concepts of compatibility bias, spatial uncertainty, or
Bayesian models of cognition in general, but rather their specific
implementation to account for flanker data.
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