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abstract: A simple artificial neural network model of image re-
construction in sensory maps is presented to explain the difficulty
predators experience in targeting prey in large groups (the confusion
effect). Networks are trained to reconstruct multiple randomly con-
formed “retinal” images of prey groups in an internal spatial map
of their immediate environment. They are then used to simulate prey
targeting by predators on groups of specific conformation. Networks
trained with the biologically plausible associative reward-penalty
method produce a more realistic model of the confusion effect than
those trained with the popular but biologically implausible back-
propagation method. The associative reward-penalty model makes
the novel prediction that the accuracy–group size relationship is U
shaped, and this prediction is confirmed by empirical data gathered
from interactive computer simulation experiments with humans as
“predators.” The model further predicts all factors known from pre-
vious empirical work (and most factors suspected) to alleviate the
confusion effect: increased relative intensity of the target object, het-
erogeneity of group composition, and isolation of the target. Inter-
estingly, group compaction per se is not predicted to worsen predator
confusion. This study indicates that the relatively simple, nonatten-
tional mechanism of information degradation in the sensory map-
ping process is potentially important in generating the confusion
effect.

Keywords: associative reward-penalty, backpropagation, confusion
effect, neural networks, predator, prey.

The confusion effect is the difficulty predators experience
in targeting and capturing individual prey in a group as
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the number of prey in the group increases. It is a cross-
taxonomic phenomenon, having been described in fish,
primate, bird, and cephalopod predators (Neill and Cullen
1974; Gillett et al. 1979; Treherne and Foster 1982; Landeau
and Terborgh 1986; Schradin 2000), and it can be an ex-
tremely powerful effect. Bass (Micropterus salmoides) at-
tacking minnows (Hybognathus nuchalis), for example,
capture prey in only 11% of experimental trials when the
prey school consists of 15 individuals. When single indi-
viduals are attacked, however, 100% of trials end in suc-
cessful capture (Landeau and Terborgh 1986). Similarly,
squid (Loligo vulgaris) attacking silversides (Atherina spp.)
have only a 20% shoal contact to capture rate when at-
tacking shoals of 20 individuals, but when attacking single
silversides, the success rate rises to almost 60% (Neill and
Cullen 1974). The confusion effect can be alleviated, and
among the factors that are known or thought to lessen it
are targeting an odd-looking individual, increased prey-
group heterogeneity, targeting an isolated individual, and
decreased group compaction (see “Material and Meth-
ods”). The confusion effect has been discussed principally
in relation to the evolution of group living in prey animals,
but it is increasingly seen as an important factor in the
evolution of other diverse behavioral, ecological, and life-
history phenomena. These include diet and habitat choice,
host-plant specialization in insects, the nature of courtship
rituals, “multitasking,” and polymorphism and speciation
(Bernays 2001; Dukas 2002).

One previous study has modeled the confusion effect
generically (Krakauer 1995), but sensory confusion/dis-
traction is predominantly being modeled and experimen-
tally investigated in primates, where studies are organized
around salience models of visual attention (Nothdurft
2000; Itti and Koch 2001; Ouerhani and Hügli 2003; Shipp
2004). The confusion effect is thus seen as a complex
process involving distraction of the predator’s attention
from the targeted prey item by nontarget prey. One major
drawback of most published salience models of visual at-
tention (in addition to their great complexity) is that they
are largely primate specific in structure and hence inap-
propriate for explaining the extremely broad taxonomic
occurrence of predators that experience the confusion ef-
fect. In this study, we model the confusion effect as a
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simpler “nonattentional” process of information degra-
dation of peripheral sensory information as it is mapped
onto internal topographic maps. Such maps, in which a
topographically correct image of the stimulated sensory
surface is constructed, are in fact usually assumed in most
salience models of visual attention (hence “attentional”
and our “nonattentional” mechanisms of the confusion
effect need not be mutually exclusive); however, unlike the
many additional components of salience models, topo-
graphic maps have an extremely wide taxonomic occur-
rence. They are known to exist in certain regions of the
primate brain (visual maps in the ventral pulvinar, for
example) and in a host of other organisms, including frogs,
rodents, and flies (Ashley and Katz 1994; Butt et al. 2002;
Kaas and Catania 2002). For this reason, the sensory sur-
face/interneuron/sensory map motif represents a prom-
ising system to explain the confusion effect in a diversity
of predators.

In this study, the confusion effect is investigated using
a simple artificial neural network model consisting of a
sensory surface, a neural bottleneck (commonly observed
in animals as sensory neurons leave the sensory organ),
and a sensory map, which is isomorphic with the sensory
surface. This network is trained to re-create in the sensory
map multiple patterns of sensory stimulation of the sen-
sory surface produced by randomly sized and conformed
prey groups, and it is subsequently used to simulate pred-
ator targeting against prey groups of specific size and com-
position. The model can be considered a caricature of
equivalent sensory motifs in real animals, omitting as it
does details of retinal/sensory map structure and inter-
neural architecture. It therefore allies itself with the highly
successful class of models that rely on fundamental prop-
erties of artificial neural networks (Ghirlanda and Enquist
1998; Wachtmeister and Enquist 2000; Phelps et al. 2001;
Ghirlanda 2002; Kamo et al. 2002) while retaining key
features of the biological system under study. This highly
simplified approach is necessary because a generic model
cannot and should not attempt to capture species-specific
variation in system structure.

This study includes several novel and important fea-
tures. First, the treatment of prey targeting by the artificial
neural network is guided by experimental studies of the
confusion effect in which targeting accuracy has been mea-
sured in simple “hit-or-miss” or “time-to” terms. These
measures can be related to predatory effectiveness and
hence fitness and do not assume complex equations in-
cluding frequencies of target, nontarget, and empty space
(Krakauer 1995) that have less evolutionary justification.
Second, the shape of the basic confusion effect produced
by the model is validated using computer-interactive ex-
periments on human targeting. While additional mecha-
nisms undoubtedly influence human object targeting, our

model is generic and assumes the same fundamental basis
for the confusion effect in all predators. Comparison of
output from the generic model with human experimental
data is therefore valid within the scope of this study and
also overcomes potential ethical issues associated with pre-
dation experiments. Third, artificial neural networks are
replicated and analyzed as populations in order to accom-
modate the substantial variation in artificial neural net-
work properties that can result from stochastic realizations
of the same underlying model (C. R. Tosh and G. D.
Ruxton, unpublished data). Finally, this study considers
the influence of both distribution of artificial neural net-
work training data (two common random distributions
are considered) and method of network training. The prin-
cipal force in the development of artificial neural network
theory in biology continues to be the need for efficient,
biologically plausible training methods, and here we con-
sider the utility of the popular but biologically implausible
backpropagation (Ackley et al. 1985) method versus the
less widely used but more biologically plausible associative
reward-penalty rule (Mazzoni et al. 1991; Barto 1995) with
respect to the model of the confusion effect.

We report here that of models of the sensory surface/
interneuron/sensory map system, the model trained by the
associative reward-penalty method, but not the one trained
by backpropagation, produces multiple accurate predic-
tions with respect to the confusion effect. This model pre-
dicts the form of the confusion effect in humans, predicts
all known alleviating effects on the confusion effect de-
termined from previous experimental studies, and con-
firms the importance of most factors suspected to lessen
or worsen the effect. It also generates some novel predic-
tions. We discuss results in relation to general issues in
the development and use of artificial neural networks in
biology and the evolution of group living in animals. We
propose a scenario for the evolution of visual attention
mechanisms in higher animals.

Material and Methods

Network Structure and Training

Networks had a 20 (input layer/sensory surface)–10 (hid-
den layer/interneuron)–20 (output layer/sensory map)
structure with fully connected layers and trainable bias in
the hidden and output layers. Each network was trained
with an array of 4,000 input vectors (prey groups), with
number of objects per vector following a normal random
( , ) or a uniform random distribution,mean p 10 SD p 2
sampled between 1 and 20, and position of objects within
each vector always following a uniform random distri-
bution. Objects in a vector were represented by 1’s and
the remaining empty space by 0’s. Networks were trained
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for 1,000 epochs using sequential weight updating, and
static weight arrays were chosen according to an early-
stopping procedure (Hecht-Nielsen 1990). Within this
procedure, test arrays were the same size as training arrays
and employed the same sampling distribution, and static
weight arrays were chosen at minimum test error in the
training period. The task of networks during training was
to reproduce each input vector in the output layer. To
incorporate replication of networks into analysis, 52 net-
works were trained for each combination of training al-
gorithm and input vector distribution. The same starting
weight matrices (uniform random numbers between �1
and 1) and training input data were used to train networks
using the different training algorithms.

The backpropagation procedure (Ackley et al. 1985) was
run with a learning rate of 0.2 (optimized in pilot studies
to give rapid and reliable convergence in 1,000 epochs)
and binary sigmoid activation functions (defined below).
The associative reward-penalty learning rule (Mazzoni et
al. 1991; Barto 1995) is one of a class of network-training
methods that contain procedures analogous to the rein-
forcement phenomenon in psychology (Pennartz 1997)
and, unlike backpropagation, generally include features
consistent with known phenomena in neurobiology. Bi-
ological features present in associative reward-penalty and
absent in backpropagation include a single feedback re-
inforcement signal to all connections in addition to the
basic network architecture described above, Hebb-like syn-
apses, and probabilistic firing of neurons. Within associ-
ative reward-penalty networks, inputs may be continuous,
but hidden and output units are binary stochastic elements
with pi, the probability of firing of the ith unit, defined
by

M

p p g w x , (1)�( )i ij j
jp1

where g(x) is the binary sigmoid function g(x) p 1/(1 �
, the jth unit provides input xj to the ith unit viaexp [�x])

the connection wij, and M is the number of inputs to the
unit. During weight updating, the reinforcement signal is
calculated from error between actual and desired output
as withr p 1 � �

K 1/n
1 ∗� p x � x , (2)F F� k k{ }K kp1

where k indexes the K output units in the network, is∗xk

the desired output of the k th unit in the output layer,
is its actual output, and n is a constant. Weights arexk

then updated according to

( ) ( ) ( )Dw p rr x � p x � lr 1 � r 1 � x � p x , (3)ij i i j i i j

where xi is the output of the ith unit of the network, and
r and l are constants. Optimized values of ,r p 0.125

, and were used on the basis of mul-l p 0.0025 n p 1.5
tiple estimates of error reduction over 100 epochs for com-
binations around the values of Mazzoni et al. (1991).

Using Static Networks to Generate Predictions:
Prey-Object Targeting

Targeting of a prey item within a group by static networks
was simulated by projecting the target prey object onto a
central position (position 10) of the input layer and de-
termining the number of occasions (over 50 replicates for
each treatment defined below, with positionally random
nontarget prey) in which an object was registered as “pre-
sent” at the same position of the sensory map. This was
repeated for all trained networks. The choice of input po-
sition for the target is analogous to the tendency of many
animals to focus objects of interest onto a central portion
of the retina. For the binary associative reward-penalty
networks, a value of 1 at position 10 of the output layer
indicated “object present,” and for the backpropagation
networks (potentially continuous output), a value 10.8 was
chosen because it gave analogous targeting-accuracy versus
group-size relationships in networks trained with different
algorithms (the remainder of parameter space produced
patterns less consistent with the confusion effect). Network
output data were predominantly nonnormal, and the me-
dian value ( ) of proportional target identificationn p 52
success ( ) was presented with 95% confidence in-n p 50
tervals for the median (Zar 1999). The Kruskal-Wallis test
(Zar 1999) was used to test whether median artificial neu-
ral network targeting accuracy differed with respect to
group size (the confusion effect), and the two-way
Scheirer-Ray-Hare extension of this test (Sokal and Rohlf
1995) was used to analyze treatment effects with respect
to the confusion effect. The basic form of the confusion
effect and factors that are known or suspected to alleviate
it were investigated as follows.

The basic confusion effect. Fish, primates, birds, squid,
and cuttlefish find it more difficult to capture individual
prey as the number of prey items in the preyed on group
increases (Gillett et al. 1974; Neill and Cullen 1974; Tre-
herne and Foster 1982; Landeau and Terborgh 1986; Schra-
din 2000). To test for the confusion effect using our model,
a target prey object with was projected ontovalue p 1
position 10 of the trained network, and 1–19 objects with

were placed at random positions around thisvalue p 1
target (replications as described above apply).

Alleviation of the confusion effect if the target is more
visually intense than other group members. The “oddity ef-
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fect” is considered a general phenomenon (Dukas 2002;
Krause and Ruxton 2002) and has been experimentally
demonstrated in bass and sticklebacks preying on min-
nows and water fleas (respectively), even when the relative
conspicuousness of target and nontarget prey versus back-
ground is controlled for (Ohguchi 1978; Landeau and Ter-
borgh 1986). It was investigated here by maintaining the
target prey object at and giving all surroundingvalue p 1
objects intensity , 0.75, 0.5, or 0.25. Each com-value p 1
bination was repeated for the full range (1–20) of prey-
group sizes. To control for target/nontarget conspicuous-
ness, procedures were repeated with nontargets of

and 0.1 and background (previously calledvalue p 1
empty space) set to 0.55.

Targets are more vulnerable in heterogeneous-looking than
homogeneous-looking groups. This is considered to be a
general effect (Krause and Ruxton 2002) and has been
experimentally demonstrated in bass preying on minnows
(Landeau and Terborgh 1986). In this study, targets were
maintained at and surrounding objects variedvalue p 1
at random from to 1 at increments of 0.1.value p 0.1
Again, this was repeated for the full range of group sizes.

A target isolated from the group is easier to capture than
one in the center. Predators commonly try to isolate in-
dividuals from prey groups (Schaller 1972; Major 1978;
Schmitt and Strand 1982), but the value of this behavior
in alleviating the confusion effect has not been established
(Krause and Ruxton 2002). To investigate this effect, the
final seven positions of vectors created as in the basic
confusion effect described above were sampled, two po-
sitions were left empty, and the target was projected onto
position 10 as usual. This gave vectors representing a view
of the end of a prey group with one isolated individual.

Compaction and the confusion effect. Some species of
shoaling fish show compaction when at risk from pre-
dation (Seghers 1974; Magurran and Pitcher 1987), but it
is not known whether this behavior worsens the confusion
effect for predators (Krause and Ruxton 2002). The effect
was investigated by creating vectors as described in the
basic confusion effect above and comparing these to vec-
tors in which the equivalent number of surrounding ob-
jects are completely compacted around the target, with no
empty spaces between “nontarget prey.”

Model Validation with Experiments on Human Targeting

The model of the confusion effect was validated using
“human predators” by constructing a computer interactive
program that simulates a shoal or group of organisms
“bursting” outward from a central point (similar to the
flash-expansion predator-avoidance mechanism in fish;
Parrish et al. 2002) in which the task of users was to click

with the mouse cursor an initially highlighted individual
(fig. 1).

The simulation was run on a notebook computer with
a 15-inch LCD color monitor (60-Hz refresh rate) and
user-defined viewing distance. Each simulation run was
initiated by a visual countdown of 3 s and was confined
to a -cm square in the center of the screen, un-16 # 16
derneath which the mouse cursor was frozen in order to
avoid prepositioning. A group of tadpole-like prey items
then appeared in a ring around the cursor (so that the
user had to pursue a prey item), and the prey items moved
outward for 0.24 s, with the prey item to be pursued
highlighted by a small arrow. In the final and longest phase,
the prey items continued to move outward, but the in-
dividual to be pursued was no longer highlighted. Un-
predictability was added to the outward direction of prey
movement by adding a random angular deviation from
the previous direction, sampled from a normal random
distribution with and . Frames weremean p 0� SD p 5.7�
updated every 40 ms, and prey items moved at a speed of
2 cm/s. For color and dimensional details, see figure 1,
video 1, and video footage and Matlab code for the in-
teractive program, available in the online edition of the
American Naturalist.

The task of the user was to click once on the “body”
part of the initially highlighted prey item while the mouse
cursor (over which the user had control) overlapped it and
before all objects had left the screen. Users were allowed
multiple clicks in their pursuit of the prey, and 1, 5, 10,
15, 20, 25, 30, 35, 40, 50, 60, 70, 80, 90, and 100 prey per
group were run in a random presentation, with this pro-
cedure repeated four times per user. The 47 users were
university staff members and students of both sexes be-
tween the ages of 19 and 54. They were unaware of the
phenomenon under investigation until after they had par-
ticipated. The confusion effect was quantified as the per-
centage of hits of the target prey at each group size
( ), and the median percentage ( ) was plottedn p 47 n p 4
against model output after normalization of user data to
allow meaningful comparison with model output.

All procedures described in the methods section were
coded and executed in the Matlab computer package (ver.
6.5, release 13), with the exception of Kruskal-Wallis and
Scheirer-Ray-Hare tests, which were run in SPSS (ver.
12.0.01). In addition to video footage (video 1) and Matlab
code of the experimental computer interactive described
above, code for network training and testing procedures
is also available as supplementary information in the on-
line edition of the American Naturalist.

Results

Artificial neural networks trained with both the associative
reward-penalty and backpropagation methods produced a
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Figure 1: A computer interactive to quantify the confusion effect in humans, in four parts. During part 1, the mouse cursor is frozen in the middle
of the computer screen while a countdown is shown. Part 2 shows the first frame of the interactive part of the simulation, in which the user begins
his or her attempt to click the object indicated with an arrow. Between parts 2 and 3 are six frames in which the target object continues to be
highlighted by a small arrow. During part 4, the arrow is removed, and the user must continue to attempt to strike the previously targeted object.
The simulation is repeated with different numbers of objects between 1 and 100. Additional procedures are described in the text, and video footage
(video 1) of the simulation in use, as well as Matlab code for the interactive, is available in the online edition of the American Naturalist.
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Video 1: Still photograph, associated with a video (available in the online
edition of the American Naturalist), of the computer interactive as con-
trolled by a human user. The user, controlling the circular mouse cursor,
attempts to capture on a computer screen an object initially highlighted
with a red arrow.

confusion effect that was consistent with human data. In
both cases the confusion effect was U shaped, with de-
creasing targeting efficiency up to a point and then in-
creasing targeting efficiency with larger group sizes (fig.
2). The associative reward-penalty networks produced this
effect when trained with a normal random distribution of
group sizes, and the backpropagation networks produced
it when trained with a uniform random distribution of
sizes. Neither of the other training algorithm/distribution
combinations gave targeting patterns consistent with the
confusion effect (data not shown), and they were not pur-
sued further. In the human data set, targeting efficiency
decreased sharply up to around 25–40 objects and then
increased slowly thereafter. This trend was most closely
represented by the associative reward-penalty networks.

In agreement with published experimental investiga-
tions of the confusion effect, increasing the intensity of a
single object in the group made it a more reliable target
for the predator (fig. 3A, 3B). Networks trained with the
different algorithms differed in their predictions, and as-
sociative reward-penalty networks indicated a continuous
response (fig. 3A), while the backpropagation networks
indicated that this effect is seen only with extreme differ-
ences in intensity between targets and nontargets (fig. 3B).
Intermediate values of relative intensity in the backpro-
pagation networks appeared (visually) to make the target
object a less reliable target; however, this could not be
confirmed statistically (interaction term nonsignificant;

fig. 3B). When conspicuousness was controlled for, asso-
ciative reward-penalty networks continued to show a sig-
nificant oddity effect (fig. 3C ; consistent with published
experimental data), while backpropagation networks did
not show this and in fact predicted quite the opposite of
the oddity effect: that a target item that looks like the rest
of the group is a more reliable target (fig. 3D; inconsistent
with published experimental data).

The associative reward-penalty networks predicted that
a target item is more “vulnerable” in a group of hetero-
geneous intensity than a homogeneous group, but the
backpropagation networks predicted the opposite, al-
though this latter result appeared to be restricted mainly
to large groups (fig. 4). So again, the associative reward-
penalty networks produced results that are more consistent
with the experimental evidence available.

Associative reward-penalty networks indicated that the
tendency of many predators to isolate prey from a group
may be a strategy to alleviate the confusion effect because
isolated individuals are more reliable targets for the arti-
ficial neural network (fig. 5A). The backpropagation net-
works showed no significant response with regard to level
of isolation of the target object.

Finally, both network types predict that group com-
paction does not provide protection through the confusion
effect. Targets in compact groups were in fact more reliable
prey items than those in dispersed groups (fig. 6).

Discussion

The artificial neural network model of the sensory surface/
interneuron/sensory map system trained with the associ-
ative reward-penalty rule and a random normal distri-
bution of number of objects in training vectors is almost
completely in agreement with our own collected data and
with all existing empirical observations of the confusion
effect. It predicts the basic form of the confusion effect
and the alleviation of the effect with high visual intensity
of the target (relative to nontargets), heterogeneous group
composition, and isolation of target. The networks trained
with the backpropagation algorithm and a uniform ran-
dom distribution of group sizes predict a basic confusion
effect that is similar in form to human data but otherwise
fails to replicate what is known of the confusion effect
from our and previous experimental work. Thus, over
the range of training distributions used, the associative
reward-penalty rule appears to be a preferable alternative
to the backpropagation method in training networks mod-
eling the biological nervous system. While only two input
data distributions were used, and the backpropagation al-
gorithm may be functionally useful with other distribu-
tions, the possibility also exists that the biologically in-
spired associative reward-penalty method better predicts



Figure 2: The “shape” of the confusion effect, predicted with an artificial neural network model and compared with human experimental data. A,
Artificial neural network output for the associative reward-penalty networks trained with normal random group sizes; B, equivalent output for
backpropagation networks trained with uniform random group sizes. The other two combinations of training method and data distribution did
not give output consistent with the confusion effect and are not shown. Network output is shown with medians (circles) and 95% confidence
intervals for the median, constructed from the success percentage of identifying a target object in the spatial map (output layer) of 52 trained
networks. Differences in the median between groups for artificial neural network output were analyzed statistically using the Kruskal-Wallis test.
Human data show an analogous measure constructed by capturing targets on a computer screen, and medians are plotted using four repeat runs
per user in a simulation attempted by 47 users. Data were normalized by dividing by 5 in the X-axis (1–100 objects considered in experiments)
and shifting in the Y direction so that prey-group size of value “1” equaled that of the model. This procedure was adopted to allow examination
of qualitative agreement between neural network output and experimental data.
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Figure 3: Targeting accuracy versus group size, predicted by artificial neural network models in which the target object varies in intensity relative
to nontargets, which are homogeneous. A, Output of associative reward-penalty networks where the target object always has a value of 1 but the
objects surrounding the target vary in intensity from 0.25 to 1 and the background is 0; B, equivalent data for the backpropagation networks.
Confidence intervals for intermediate values of nontarget prey are omitted from A and B to ease visualization of data. C, D, Results of similar tasks
(associative reward-penalty networks in C, backpropagation networks in D), but with the nontarget and target at highly contrasting values and the
background at an intermediate value. This removes the greater relative conspicuousness of targets against the background that is present in A and
B. Statistical analysis was carried out using the Scheirer-Ray-Hare extension of the Kruskal-Wallis test, and only significant ( ) terms area ! 0.05
shown. Although the plots in A and B are complex, the principal point of note is that there is little overlap between treatments where nontargets
are of the same intensity as the target (1) and treatments where they are much less intense than the target (0.25). See figure 2 for further details.

empirical results for the particular biological phenomenon
considered here. Such a demonstration would have major
implications for artificial neural network use in biology
and may motivate a re-evaluation of the application of
nonbiological training algorithms to biological problems.
The assumed functional equivalence of training methods
remains an unresolved issue in the development of arti-
ficial neural network theory. Attempts to make supervised
learning procedures more biologically plausible often com-
pare relative performance of new methods and traditional
methods (such as backpropagation) in terms of speed of

convergence and/or degree of network error minimization
(Mazzoni et al. 1991; Pennartz 1997; Morel 2000; Xie and
Seung 2004), without considering the quantitative and
qualitative predictions of networks. This study shows that
networks trained with exactly the same data set, but with
different, effective error-reducing algorithms, can have
quite different properties, and that functionality of arti-
ficial neural networks should also be included in com-
parisons of new artificial neural network training methods.
Our results clearly do not invalidate the backpropagation
method, which has proved useful in a wide range of bi-
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Figure 4: Targeting accuracy of artificial neural networks where the relative homogeneity of prey-group inputs varies. A, Model output for the
associative reward-penalty networks; B, model output for the backpropagation networks. “Homogeneous” input indicates that all prey, including
the target item, have an intensity of 1, and “heterogeneous” indicates that the target is always 1 but the nontarget prey vary randomly in intensity
from 0.1 to 1 (0.1 increments). See figures 2 and 3 for details.
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Figure 5: Targeting accuracy of artificial neural networks where the target is in the middle of a group versus where it is isolated from a group. A,
Model output for the associative reward-penalty networks; B, model output for the backpropagation networks. See figures 2 and 3 for details.
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Figure 6: Targeting accuracy of artificial neural networks where the target is in the middle of a compact group versus where it is in the middle of
a dispersed group. A, Model output for the associative reward-penalty networks; B, model output for the backpropagation networks. See figures 2
and 3 for details.
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ological applications (Mazzoni et al. 1991; Ghirlanda and
Enquist 1998; Kamo et al. 2002; McClelland and Rogers
2003), even in models that bear an uncertain architectural
relationship to the real systems they represent. However,
it may prove useful to turn to alternative, biologically plau-
sible training methods in biological problems if backprop-
agation fails to reproduce phenomena of interest.

The observation that the predictions of artificial neural
networks that produce the confusion effect are influenced
by the distribution of training data may also have fun-
damental consequences for our understanding and prac-
tical application of the confusion effect. Can the confusion
effect in animals be alleviated by training when animals
are young or in adulthood? The rather abstract nature of
the model in this study urges caution, but results from
this simple artificial neural network model are sufficiently
consistent with what is known of the confusion effect to
suggest that these will be fruitful areas for experimental
investigation.

Group compaction is one factor that has previously been
considered to increase confusion of predators (although
the effect has not been investigated experimentally; see
Krause and Ruxton 2002). In the networks presented here,
group compaction in fact made individuals in the group
easier for a predator to “see.” Krakauer (1995) found that
group compaction made no difference to targeting ability
in a small, fully connected artificial neural network. The
finding in our study that isolated individuals are more
readily registered in the spatial maps of predators indicates
that group compaction in response to predator threat may
be a “selfish herd” effect (Hamilton 1971), where isolated
individuals move inward to become less vulnerable. The
influence of the other alleviating factors on group ecology
that were confirmed by our study are discussed in detail
by Krause and Ruxton (2002).

Another novel prediction of our study, which was con-
firmed by experiments on human targeting, was that the
confusion effect is U shaped. Although the operation of
a static artificial neural network is difficult to comprehend
intuitively (but see Olden et al. 2004 for methods of “dis-
secting” networks), repeated use of the associative reward-
penalty networks indicated that input layers with many
juxtaposed positions of high contrast in intensity led to
poor reproduction of information at the central spatial
map unit of interest. Consider, for example, the addition
of intermediate background intensity to control for con-
spicuousness in the oddity effect. This addition reduced
contrast heterogeneity within the system and reduced the
overall level of the confusion effect and difference between
confusion profiles for odd versus conventional targets (al-
though it remained statistically significant). It could also
account for the shape of the basic confusion effect; at
intermediate group sizes, juxtaposed intensity contrast

(object vs. background) is at a maximum and lowers with
further addition of objects as objects of the same intensity
become increasingly juxtaposed. The reason for the ob-
served distribution of animal group sizes in nature may
become more clear in light of a U-shaped confusion effect.
Number of herds versus group size follows an exponential
or power-law distribution, with most herds being small
(Seghers 1981; Lott and Minta 1983; Wirtz and Lörscher
1983; Okubo 1986; Bonabeau et al. 1999), but when such
data are reorganized, the largest percentages of individuals
are found in groups of intermediate size (Krause and Rux-
ton 2002). This may be where individuals benefit from the
highest level of predator confusion, but a functional link
between group distributions and predator confusion re-
quires experimental testing.

Some comments should be made regarding the as-
sumptions and scope of the model presented. Because the
output of the associative reward-penalty rule networks
trained with random normal data was particularly con-
sistent with what is known of the confusion effect from
empirical work, it was assumed that prey targeting could
simply be equated with map output, under the assumption
that inaccuracies occurring at the relatively early mapping
phase of sensory processing are transmitted to the higher-
level processes that actually control prey targeting; that is,
inaccurate mapping is reflected in inaccurate targeting.
This need not necessarily be the case, however, especially
if compensatory mechanisms are present in higher-level
architecture. Although biologists are only beginning to
probe the processes involved in higher-level processing,
many workers (e.g., Ghirlanda and Enquist 1998; Wacht-
meister and Enquist 2000; Phelps et al. 2001; Ghirlanda
2002; Kamo et al. 2002) have successfully represented de-
cision-making processes as a relatively simple feedforward
architecture that tapers to one or a few decision nodes.
We are currently adapting the model presented here in
this manner in order to investigate whether the confusion
effects demonstrated here can be alleviated before the ac-
tual prey strike of the predator. Despite the simplifications
inherent in this study’s approach, the model has major
advantages, especially with regard to the specificity with
which predator-avoidance strategies can be investigated.
Experimental investigations of predator-avoidance strat-
egies through grouping in prey animals are plagued by the
difficulties of experimentally disentangling the various
avoidance mechanisms (the confusion effect, the dilution
effect, increased vigilance with numbers, etc.; see Krause
and Ruxton 2002). This study, which concentrates only on
mechanisms mediated specifically through sensory pro-
cessing of the predator, excludes all predator-avoidance
mechanisms of prey except that of sensory confusion
through numbers, that is, the confusion effect.

So what of complex “visual attention” interpretations
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of confusion in higher animals (Itti and Koch 2001; Ouer-
hani and Hügli 2003; Shipp 2004)? This study indicates
that image reconstruction in sensory maps is important
in the confusion effect. This cannot be stated with cer-
tainty, however, because meaningful artificial neural net-
work architecture does not always appear to be essential
for networks to show interesting biological properties
(Ghirlanda and Enquist 1998; Wachtmeister and Enquist
2000; Phelps et al. 2001; Ghirlanda 2002; Kamo et al.
2002), but at the very least, the confusion effect appears
to be a property of simple artificial neural networks. If
this is true, the complex apparatus of visual attention in
higher animals can be viewed, at least in part, as an evo-
lutionary response to overcome the “confused” properties
of simpler ancient motifs that are still harbored in the
nervous system. It is no accident, then, that attention
mechanisms in primates cause the eye to attend to the
most salient items (Nothdurft 2000; Itti and Koch 2001;
Ouerhani and Hügli 2003; Shipp 2004), that is, those that
tend to be reconstructed most faithfully in simple net-
works. This interpretation of visual attention as an alle-
viator rather than a driver of the confusion effect also
explains why the targeting response of humans in our
study so closely followed the predictions of our simple
artificial neural network model.

In summary, a simple, generic, artificial neural network
model of the sensory surface/interneuron/sensory map
system, trained with a biologically plausible algorithm, ex-
plains most experimentally established aspects of the con-
fusion effect. This indicates that the confusion effect is a
property of simple artificial neural networks, and complex
models of visual attention are not required to explain it.
The model presented here, in addition to being a powerful
“stand-alone” unit, may also prove useful as a fundamental
component of future work investigating the proposed in-
fluence of the confusion effect on other behavioral and
life-history phenomena, such as the evolution of diet
choice and courtship rituals (Bernays 2001; Dukas 2002).
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Ouerhani, N., and H. Hügli. 2003. Real-time visual attention on a
massively parallel SIMD architecture. Real-Time Imaging 9:189–
196.

Parrish, J. K., S. V. Viscido, and D. Grunbaum. 2002. Self-organized
fish schools: an examination of emergent properties. Biological
Bulletin 202:296–305.

Pennartz, C. M. A. 1997. Reinforcement learning by Hebbian syn-
apses with adaptive thresholds. Neuroscience 81:303–319.

Phelps, S. M., M. J. Ryan, and A. S. Rand. 2001. Vestigial preference
functions in neural networks and tungara frogs. Proceedings of
the National Academy of Sciences of the USA 98:13161–13166.

Schaller, G. B. 1972. The Serengeti lion. University of Chicago Press,
Chicago.

Schmitt, R. J., and S. W. Strand. 1982. Cooperative foraging by yel-

lowtail, Seriola lalandei (Carangidae), on two species of fish prey.
Copeia 1982:714–717.

Schradin, C. 2000. Confusion effect in a reptilian and a primate
predator. Ethology 106:691–700.

Seghers, B. H. 1974. Schooling behaviour in the guppy: an evolu-
tionary response to predation. Evolution 28:486–489.

———. 1981. Facultative schooling behavior in the spottail shiner
(Notropis hudsonius): possible costs and benefits. Environmental
Biology of Fishes 6:21–24.

Shipp, S. 2004. The brain circuitry of attention. Trends in Cognitive
Sciences 8:223–230.

Sokal, R. R., and F. J. Rohlf. 1995. Biometry. W. H. Freeman, New
York.

Treherne, J. E., and W. A. Foster. 1982. Group-size and anti-predator
strategies in a marine insect. Animal Behaviour 30:536–542.

Wachtmeister, C. A., and M. Enquist. 2000. The evolution of court-
ship rituals in monogamous species. Behavioral Ecology 11:405–
410.

Wirtz, P., and J. Lörscher. 1983. Group sizes of antelopes in an East
African national park. Behaviour 84:135–156.

Xie, X. H., and H. S. Seung. 2004. Learning in neural networks by
reinforcement of irregular spiking. Physical Review E 69:041909.

Zar, J. H. 1999. Biostatistical analysis. Prentice Hall, Englewood Cliffs,
NJ.

Associate Editor: Michael J. Ryan
Editor: Jonathan B. Losos


