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ABSTRACT

Many signals in nature are complex and composed of several components.
However, the advantages and disadvantages of complex signaling are not completely
understood. Although complex signals are advantageous for vertebrate decision-making
processes, our understanding of whether similar advantages exist for invertebrates is
limited. To investigate how signal complexity influences learning and decision-making in
foraging bumblebees (Bombus impatiens), I trained them on unimodal (shape or
olfactory) or multimodal (shape and olfactory) flowers. Addition of olfactory cues to
visual cues improved the learning of bees. A speed-accuracy trade-off in decision-making
reflects the difficulty of decisions. The bees trained on multimodal flowers made more
accurate decisions without reducing their speed, and had higher target finding rates
(correct visits/total decision time). These results suggest that bees forage more efficiently
when flowers signal in more than one modality, and support arguments pointing out

problems with studying signal components separately.



CHAPTER 1

SIGNAL EVOLUTION AND RECEIVER COGNITION

1.1 Signal evolution: receiver cognition and signal properties

The importance of signal evolution and design has been recognized and studied in
many disciplines of biology. However, until recently, most studies of signal evolution
have focused on signal production and the information conveyed by signals (Rowe 1999,
Johnstone 1996). Although many definitions for signals exist, throughout my thesis, I
will use a functional definition. By “signal”, I refer to information produced in the form
of energy or matter that results in a behavioral response from a receiver (Wilson 1975,
Hebets & Papaj 2005). Communication between the signalers and the receivers depends
on several stages, consisting of signal production, transmission, reception, perception,
assessment and decision (reviewed in Endler & Bosolo 1998). Most of these processes
are related to each other, and changes in one can have important consequences for others.

In this review chapter, I will argue that in order to fully understand how signals
and receivers evolve and function, we need to include the mechanisms of information
processing by the receivers (Chittka & Thomson 2001) in addition to the design and the
information conveyed by the signals. Furthermore, signaling in nature rarely is done with
only one component, so an approach integrating multiple signal components is necessary

for analyzing the function and the evolution of signals (Rowe & Skelhorn 2004).



1.1.1 Signal evolution may be influenced by receiver cognition

Cognitive abilities and limitations influence how animals make decisions among
alternative choices, and therefore may have profound implications for the evolution of
signals. “Receiver psychology”, as introduced by Guilford & Dawkins (1991), refers to
the receivers’ cognitive mechanisms that can influence signal evolution. The cognitive
processes important for signal evolution include detection, discrimination, learning,
signal processing, and decision-making. It is important to realize that even though they
are strongly interrelated, detection and discrimination are different processes: detection
refers to how well a signal is perceived against its background, while discrimination is a
process by which animals respond differentially to signals (Rowe 1999).

Detection and learning influence the rates of information processing, and as a
result, affect decision-making abilities. At the same time, constraints in these cognitive
processes may be a potential driving force in signal evolution. For example, limited
attention, or the limited rate of information processing in the brain (Dukas 2002), can
create a mismatch between the amount of useful information available in the environment
and the amount of information that can be processed. Some signals that animals are
physiologically equipped to receive may be ignored as a result of limits on attention, and
this can have important implications in situations where animals have to attend to two
separate cues from different origins.

One of the contexts in which the limited attention may influence how the
mismatch between the available environmental information and the information that may

be used is the trade-off animals face between detecting predators and potential mates
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(Dukas 2002). For example, male moths respond less to the acoustic signals from
predatory bats when they also detect female pheromones (Skals et al. 2005). The
tendency to escape from bat signals is reduced when the pheromones signal high-quality
females. This observation suggests that as the intensity of the pheromones increase, male
attention gets directed more to the female signals. As a result, males ignore the predatory
signals. Although the males have the sensory capacity to detect the bat signals, they do
not attend to those signals in presence of pheromones of high intensity. At the same time,
when the intensity of the bat acoustic signals is increased, the moths’ response to the bat
signals increases too. These results suggest that the attention of the moths is limited but
also influenced by the intensity of signals.

In situations where response from receivers increases the fitness of signalers,
selection would favor signalers that produce easily received and processed signals (Rowe
1999). The pressure to produce signals that are easy to detect may lead to divergent
selection. On the other hand, if survival of a species depends on not being detected, then
signals that are difficult for the predators to detect would evolve. Limited attention may
decrease the ability of predators to detect prey items (Dukas 2002), which in turn would
increase survival of the prey that are difficult to detect. One of the behavioral
consequences of limited attention is that predators seem to search for the prey items using
a “search image”, by focusing on one type of cryptic prey while ignoring other equally
cryptic prey items (Dukas & Kamil 2001, Tinbergen 1960). Predator foraging behavior
that results from limited attention may lead to changes in the frequency and the diversity

of the prey signals. For example, Bond and Kamil (2002) conducted a long-term study in
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which they looked at how blue jay predation influences phenotypic variation in digital
moths. The digital moths shown to jays on computer displays included several
phenotypes that were all cryptic against the background. When foraging on these cryptic
moths, jays selected the moths that were more similar to the ones they had detected on a
previous foraging trial, suggesting that their decisions may have been influenced by
search images and limited attention (Dukas 2004). The moths in the study had virtual
genes coded by algorithms derived from patterns in moth wings. These virtual genes
allowed Bond and Kamil (2002) to stimulate the population effects of predation. By
comparing moth populations in which jays preyed on moths with another moth
population without jay predation, they showed that moth phenotypic variation increased
in the population with jay predation. These results suggest that the behavioral patterns
resulting from limited attention may have consequences for the evolution of signals.
Sensory biases in receivers may lead to the exaggeration of existing signals, or to
the production of new signals, by influencing the perception of and the preference for
specific signals (Rowe & Skelhorn 2004). Since animals are not able to process all of the
information they are physiologically capable of sensing (Desimone 1998, Dukas & Kamil
2000), the senders may signal in ranges at which their intended receivers may be able to
attend (Dukas 2002). For example, males may signal using stimuli that females may pay
more attention to, and those males that can exploit the sensory biases of females may be
selected. This “sensory exploitation” is an important driving force in signal evolution, but
it has not been studied extensively in contexts other than sexual selection (for examples

of sensory exploitation in sexual selection, see Ryan 1998).
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1.1.2 Influence of signal properties on detection and processing

On one hand, animal decisions and cognitive abilities influence signal evolution,;
on the other hand, the reverse process also happens. Evolution of animal senses,
cognition and learning are influenced by the signals from the environment (Chittka &
Thomson 2001). Depending on the properties of signals, detection, discrimination and
processing may be diminished or enhanced, and may alter efficiency of decisions.

The level of complexity is one of the most distinguishing properties between
signals. Complex signals are made up of multiple components (Hebets & Papaj 2005),
and can enhance detection and discrimination by receivers (Rowe 1999). For example,
flowers differ in many different dimensions along the visual modality. Some of these
visual dimensions include the shape, the hue, the brightness, and the size of the flowers.
The combination of these dimensions creates a complex signal, while signals in any one
of these dimensions could be classified as a simple signal. In comparison to simple
signals, parts of a complex signal may convey different messages, influence efficacy, or
interact with each other to produce effects that exceed the individual effects of their
components (Hebets & Papaj 2005). Complex signals may also provide detection
advantages in situations where components have different detectability under different
conditions, at different times or from different distances (Partan & Marler 1999).

Multimodal signals are complex signals composed of more than one sensory
modality or channel (Rowe & Guilford 1999, Guilford & Dawkins 1991). Multimodal
signaling is widespread in nature. For example, avian courtship displays composed of

elaborate visual traits and songs are some of the most widely studied multimodal signals.
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Similarly, fruit flies use both acoustic and chemical cues to attract males (reviewed in
Partan& Marler 2005). Plants also produce signals in more than one modality; the visual
signals of flowers are usually coupled with olfactory cues, and this multimodality may
help attract pollinators.

Addition of a new component from a different modality to a signal may present
additional constraints and opportunities for both the receivers and the senders (Partan &
Marler 2005). For example, data from human studies show that signals with two
modalities, such as signals composed of visual and olfactory components, are detected
faster than any of the components alone (reviewed in Rowe 1999). This effect is thought
to be a result of multisensory (or intersensory) integration in which input from one
modality influences processing of others (Small 2004, Calvert 2001, Stein 1998). Studies
on multisensory integration in vertebrates suggest that the presence of this ability may
have driven the evolution of multimodal signals (reviewed in Rowe 1999). In addition to
increased detection, multimodal stimuli may result in increased discriminability (Rowe
1999, Eninger 1952). A similar result was also observed in bees; visual discrimination
was enhanced in presence of olfactory stimulus (Kunze & Gumbert 2001).

Although detection, discrimination and processing of multimodal signals are
known to have enhancing effects on vertebrates, few examples exist from invertebrate
studies (but see Skals et al. 2005, Kunze & Gumbert 2001). Insects have structurally
different brains than vertebrates and may have different processing and sensory
integration mechanisms. Even though signal processing from individual modalities has

been investigated in invertebrates, our knowledge of multimodal signal processing and
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integration is almost non-existent (Holldobler 1999). Regions in the human brain that
were initially thought to be strictly devoted to processing unimodal signals are becoming
recognized as regions that process multisensory stimuli (Ghazanfar & Schroeder 2006). It
is possible that similar types of multisensory interactions happen in invertebrate brain
regions we currently think of processing only single sensory stimuli.

Despite their influence on detection, discrimination and processing of signals, the
role of multimodal signals in communication is poorly understood (Partan & Marler
1999). The mechanisms by which multimodal signals combine during processing are still
controversial (Belardinelli & Sestieri 2004). Data from primates suggest it is possible that
a combination of signals about an object creates a conceptual representation of the object
in the brain, rather than separate representations by single sensory stimulus (Ghazanfar &
Santos 2004). Whether enhancing interactions of multimodal signals also happens
between unimodal signals is also unclear, although such an effect would depend on
whether perception of multiple signals from the same modality are different than multiple

signals from different modalities (Rowe 1999).
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1.1.3 Learning and signal properties

In order for previous experiences to be adaptive, animals should be able to
incorporate information from their previous experiences into their future decisions.
Learning and remembering new stimuli, locations, or behavior have major influence on
decision-making and choice behavior of animals (Menzel 2001). In some cases, learning
may help individuals overcome their previous preferences. For example, specific colors
are preferred by naive insect pollinators (Gumbert et al. 1999, Giurfa et al. 1995, Lunau
& Maier 1995). However, they can learn to associate other colors with food rewards after
visiting a rewarding flower with that color, although the speed of learning may depend on
color of the flower (Gumbert et al. 1999, Menzel et al 1993). Likewise, pollinators can
also switch to a more rewarding species when there is a drop in reward levels or change
in flower densities (Kawaguchi 2006, Thomson 1981, Heinrich 1979).

In situations where decision-making is hindered by limited attention, learning
which stimuli to attend to may help animals overcome consequences of limited attention
(Dukas 2002). Coping with limited attention is especially important in situations that
require dealing with complex signals. As most signaling systems involve more than one
component, it would be advantageous for animals to learn the components of the signal
that contributes most to fitness.

Although results of some of the earlier experiments (Bitterman 1996, Funayama
et al. 1995) have suggested evidence for the independence assumption, which argues that

there will be no interaction between the components of a stimulus (Bitterman 1996,
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Couvillon et al.1997, Funayama et al. 1995), several recent studies have found signal
interactions in learning.

Signals can interact to either enhance or block learning of each other (Smith 1997,
Rescorla and Wagner 1972). For example, if a bee is trained on one olfactory cue,
learning about a second olfactory cue may be blocked in additional trials when the bee is
presented with a complex signal composed of both components (Smith & Cobey 1994).
At the same time, it is possible that when the cues used are from different modalities,
there is an enhancing effect on learning. In support of this argument, Gerber and Smith
(1998) have found that presence of visual stimulus enhances learning of olfactory
stimulus in honeybees. Similarly, olfactory discrimination learning in hummingbird
hawkmoths (Macroglossum stellaratum) is faster when the task is coupled with
differences in color (Balkenius & Kelber 2006). Sound facilitates visual learning in
chicks (Rowe 2002), while olfactory cues enhance avoidance learning (Roper & Marples
1997). 1t is possible that independence assumption holds for multimodal signals, but not
for unimodal signals (Funayama et al. 1995). Although empirical evidence suggests that
signal interactions may influence learning, the mechanisms responsible are currently
unknown (Hebets & Papaj 2005). Additional studies that focus on learning of multimodal
and unimodal complex stimuli are needed to understand advantages of complex signals

for receivers.



17

1.1.4 Theoretical aspects of signal detection and discrimination

Studies on decision-making have benefited from the predictions of the Signal
Detection Theory (Green & Swets 1966, Wiley 1994), which looks at the uncertainty in
signal detection caused by similarity of important stimuli, such as those signaling the
presence of resources, with other signals in the environment (Wiley 1994, Shettleworth
1998). Although I will be using pollinator foraging as an example to address how signal
detection can be influenced by signal properties, the arguments I present below can be
generalized to the other signaling systems as well.

One of the distinguishing features of flowers is their shape. A foraging pollinator,
such as a bumblebee, frequently encounters flowers with different shapes. In Signal
Detection Theory, it is assumed that the receivers’ perception of signals can be outlined
with normal distribution and equal variances. Therefore, the density function that shows
the probability of encountering a specific signal, such as a flower with a tubular shape,
can be represented with a bell-shaped curve across the range of different signal values. It
can be assumed that tubular shaped flowers provide the bee with nectar and/or pollen,
while circular shaped flowers are non-rewarding.

When two signals are perceived to be similar, the receiver cannot know whether a
specific signal value corresponds to the correct signal or to the incorrect signal. The
receiver therefore sets up a threshold value (shown in Figure 1.1 with the dashed lines).
Any value above this threshold value, towards positive infinity, results in a response from

the receiver. With this threshold, four different outcomes are possible. The bee can
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respond to the tubular shaped flowers (Correct Detection), respond to the circular flowers
(False Alarm), not respond to the tubular flowers (Missed Detection), or correctly reject

the circular flowers (Correct Rejection).

1

1 1

1 1

Probability '
density |
1

I

|

Signal apperance(shape) Signal apperance (shape)
Figure 1.1 lI.1a and 1.1b. Signal detection theory and two signals in the environment.

In this particular example, red graph represents perception of the tubular-
shaped flower that is rewarding, while the black graph represents the
perception of the circular flower that is not rewarding. The two signals
represented in Figure 1.1a can become more different from each other by
increasing the distance between their means.

According to the above options, a visit the bee makes will either be to the correct
flower or to the wrong flower. It is important to realize that while deciding between two
signals such as these plotted in Figure 1.1a, no matter where the bee places her threshold
for response, she cannot maximize the probability of correct detection and minimize the
probability of false alarms at the same time. This limitation happens because the
probability of the false alarm varies with the probability of the correct detection. False
alarms, as well as missed detections, are due to the uncertainty caused by the similarity of

signals. If the similarity of the signals can be reduced, the error rates can also be reduced

(Wiley 1994, Shettleworth 1998).
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One of the ways that similarity between the two signals can be reduced is by
reducing the overlap. If the variances are kept the same, then increasing the separation
between the means, as shown in Figure 1.1b, would reduce similarity between signals
(Ashby & Townsend 1986). Even if the response threshold of the animal stays the same,
the separation of the means would increase the ratio between the probability of correct
detections and the false alarms. As a result, the receivers may distinguish between the
signals more accurately.

If signalers add another component, then the receivers may be able to detect them
easier. The additional component can either be from the same sensory modality, such as a
color component added to the shapes, or from another sensory modality, such as olfactory
cue. Although adding another signal component may be costly for a sender due to
increased energetic constraints (reviewed in Partan & Marler 2005), or may be
disadvantageous in situations where the second component attracts an unintended
receiver or a predator (Roberts et al. 2006), increased detection by the receivers may be
one of the reasons why most signals in nature are complex or multimodal.

In order to address whether adding a second component to the signal makes it
easier to detect, we need to use General Recognition Theory, which is an extension of
Signal Detection Theory for the stimuli composed of two or more signal components
(Ashby & Townsend 1986). For example, it is possible to consider flowers that differ
from each other in their shapes as well as their odors. When the same density function
from the Signal Detection Theory is plotted for a flower that has two components, we end

up with a 3-dimensional representation (Figure 1.2a). In this particular example, the x-
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axis is shape, y-axis is the olfactory cue. The function relating perception of shape and
olfactory combination is plotted on the z-axis. The two bell-shaped density function

curves represent two flowers, each with shape and olfactory components.

"~ O
f(x,y) y f2

v

X

Figure 1.2.  Representation of two stimuli, each with two components (x,y). Using the
examples from the text, the x-axis can be viewed as the shape dimension,
while y-axis is the olfactory dimension. f(x,y) represents how flowers with
shape and olfactory components are perceived by the bee. When a cross-
section of the bell-shaped diagrams for the two flowers (f1, f2) is taken,
equal probability contours shown in 1.2(b) are obtained. Figures re-drawn
from Ashby & Townsend (1986), with permission.

Since visualizing in 3-dimensions is not always convenient, Ashy and Townsend
(1986) take a cross section of the diagram by cutting through the density functions with a
plane. The result is a representation of the two flowers along the two stimulus
dimensions, shape and olfactory. The cross sections produce contours that have equal
probability of occurring. Figure 1.2b shows these equal probability contours obtained by

looking at the cross-sections from Figure 1.2a.
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With two components, the resulting flowers can have (1) odorl-shapel and (2)
odor2-shape2 as well as the hybrid forms including (3) odorl-shape2 and (4) odor2-
shapel (Figure 1.3a). General Recognition Theory assumes that the receiver sets up a
“decision bound” (Ashby & Townsend 1986) similar to the threshold used in the Signal
Detection Theory. For example, a bee choosing a flower based on its shape may use the
decision bound that is vertically placed between flowers 1 and 3 (or, 2 and 4). In this
case, the point at which the decision bound intersects the x-axis represents the response
threshold portrayed in the Signal Detection Theory (Figure 1.1). A similar process can be
observed for a bee deciding between two flowers with different olfactory cues (between 1
and 4, or 2 and 3), and the decision bound in that case would be the horizontal one.

However, it is possible that when bees are evaluating which flowers to visit, they
use information from both the shape and the olfactory cue. To simplify the argument, I
portray this case in Figure 1.3b, where the bee needs to choose between the flowers 3 and
4 that were initially shown in Figure 1.3a. The optimal decision bound in this case would
be a diagonal line between the two flowers.

By using distances to decision bounds in this hypothetical example, the relative
difficulty of deciding between two stimuli that differ in two dimensions versus between
two stimuli that differ in one dimension can be estimated. The distance of a stimulus to
the decision bound can be used as an inverse measure of task difficulty (Maddox et al.
1998). As the mean of the stimulus gets closer to a bound, it becomes more difficult to

make a decision, while a stimulus farther from the bound results in an easier decision.
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dimensions. Flowers 1,3 (and flowers 2,4) have the same odor but differ in
shape. Flowers 1,4 (and 2,3) have the same shape but different odors. The
dashed lines represent the decision bounds (vertical bound for shape,
horizontal bound for olfactory). Figure 1.3b shows two flowers from 3a
that differ in both olfactory cues and shapes. In this case, the decision
bound is diagonal between the two flowers. Figure 1.3¢c compares the
perceived similarity of flowers using distances to the nearest bound (see
text for details). Figures 1.3a and 1.3b modified from (Ashby &
Townsend 1986).
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In order to compare the difficulty of choosing between multimodal signals to
choosing between components of multimodal signals, it is possible to contrast the
decisions of a receiver choosing between stimuli 3 and 4, to choosing between 1 and 3
(or, 1 and 4). Figure 1.3c, which is Figure 1.3a and 1.3b presented together, shows the
distances to the decision bounds for these two cases. Red line represents the distance to
the decision bound for a bee choosing between flowers 3 and 4, while black lines
represent the distances to the decision bounds for another bee choosing between 1 and 3,
or between 1 and 4. Using Pythagoras’ theorem (a’+b’=c?), we can see that the distance
for the decision between flowers 3 and 4 is longer than the distance between flowers 1,3
or for 1,4. Longer distances between 3 and 4 suggest that deciding between them may in
fact be easier.

One of the advantages of the General Recognition Theory is that by using the
distance to the decision bounds, we can predict the response times in decision-making.
The response time (RT) to identify a stimulus is inversely related to the distance from the
stimulus to the nearest decision bound (Thomas 1996, RT-distance hypothesis from
Ashby & Maddox 1991). The stimuli that are close to the decision bound result in longer
decision times (Ashby 2000). From the Figure 1.3¢c, we can predict that the bee deciding
between flowers 3 and 4 will make quicker decisions. As I have argued earlier in the
chapter, understanding which signals result in easier decisions has important implications
for receivers as well as the senders. Predictions from a theoretical framework, such as
that of General Recognition Theory, can be tested empirically to address the question of

signal similarity and task difficulty.
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1.2 Speed-accuracy trade-off in foraging decisions

1.2.1 The speed-accuracy trade-off

In the previous section, I argued that the complexity and the modality of signals
influence receivers’ cognitive abilities such as detection, processing and learning. All
three of these processes influence how fast and accurately animals make decisions.
Decision-making abilities are usually limited by information processing constraints and
these constraints may lead to trade-offs. One such trade-off in decision-making involves
the commonly observed tight negative correlation between the accuracy of decisions and
the speed at which they are made. Because the trade-off is thought to occur due to the
advantages that sampling and processing signals for longer time periods provides for the
accuracy of the decisions (Rinberg et al.2006), studies of the speed-accuracy tradeoff can
be used to address questions related to signal detection and processing. For example,
studies on reaction times in humans are frequently used to test models of how
information is processed (Abraham et al. 2004, Taylor 1976, Stenberg 1969). The time
needed to make a decision is thought to reflect the amount of information the brain has to
collect until reaching a critical level or a threshold (Kiani et al. 2006, Uchida et al. 2006,
Laming 1968). At this threshold, decision-making is terminated because the necessary
number of neurons or neural networks have been activated to reach a decision (Lo &
Wang 2006). According to this framework, the decisions that require high thresholds take

longer time but are more accurate as a result (Kiani et al. 2006).
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Although the speed-accuracy tradeoff was initially recognized in humans (Garrett
1922), it has recently been shown in invertebrates, including bumblebees (Chittka et al.
2003), honeybees (Passino & Seeley 2006) and ants (Franks et al. 2003), as well as other
vertebrates including rats (Uchida & Mainen 2003) and mice (Abraham et al. 2004,
Rinberg et al. 2006). The speed-accuracy trade-off in these animals demonstrates that the
context of decisions can lead to differences in whether speed or accuracy is favored.
Stimuli that are perceived to be similar to each other, such as similar colors, present
difficult decisions for animals. Easy decisions require lower thresholds and therefore
produce accurate and fast decisions. Difficult decisions such as discriminating between
two very similar stimuli, on the other hand, are slower and less accurate (Kiani et al.
2006, Palmer et al. 2006, Roitman & Shadlen 2002). Deciding between similar stimuli
requires more and noisier information to be processed, so the extra time taken does not
result in more accurate decisions in comparison to easy tasks. When forced to make swift
decisions between similar odors, mice become less accurate (Uchida & Mainen 2003).
When accuracy is favored over speed, ants reduce the speed of their decisions (Franks et
al. 2003). Therefore, it is possible that the difficulty of a task can be analyzed by looking
at the tradeoff produced by it.

Although humans and other animals can shift between fast and accurate decisions
when one is more advantageous than the other, the difficulty of a particular task can only
be observed when animals are free to choose when and how to respond. When given the
freedom to sample for long periods, humans take longer to solve difficult decision tasks

(Pachella 1974). This behavior may also be widespread in other animals. For example,
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bees making the slowest decisions discriminate between similar colors at higher
accuracies than the faster bees (Dyer & Chittka 2004).

The modality of the cues may have important implications for the speed and
accuracy of decision-making. When humans are asked to discriminate between targets
that differ in one dimension (such as shape) instead of several dimensions in the same
modality (such as shape and size in visual modality), the reaction times are quicker.
When the targets differ in two dimensions, humans have to focus on specific features of
the targets and analyze each dimension separately. As a result, the reaction times increase
(reviewed in Spaethe et al. 2006). As argued earlier, multimodal signals may be
processed differently than unimodal signals. It is possible that the reaction times may not
be adversely affected when the dimensions that differ are in different modalities (such as
visual and olfactory), instead of the same modality (visual). Since receivers’ cognitive
abilities may influence signal evolution, it is essential to understand which signals lead to

increased cognitive constraints.

1.2.2 Foraging in pollinators: a context well suited for decision-making

In order to fully understand behavior, we need to use both mechanistic and
functional approaches in our analysis. Foraging is one context in which the synergy
between these two approaches has been well recognized (Shettleworth 1998). Animals do
not always act optimally, as modelled by optimal foraging models (Heindrich 1983,
Varju & Nunez 1991, Schmid-Hempel 1993, Russell et al. 2003, also Sih & Christensen

2001), and cognitive constraints may be important underlying mechanisms for the non-
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optimal behaviors (McNamara et al. 2006, Shettleworth 2001, Spaethe et al. 2001,
Grunbaum 1998). For example, search times included in the optimal foraging models are
traditionally thought to depend on external factors such as distance between patches, or
the density of the patches. However, the time needed to detect a food source can also
significantly influence search times. A recent study by Spaethe et al. (2001) showed that
searching speed of bees depends largely on visual information processing. Similarly,
limited attention can influence search rates, especially if the food items are cryptic or
similar to each other (Dukas 2002).

Studies of pollinators have been especially useful in understanding optimal
foraging. Pollinators usually visit many flowers in a short amount of time in order to
collect the nectar they need (Harder 1983), and since flowers are scattered in time and
space, having efficient cognitive abilities to detect, process, and learn floral information
is essential (Chittka & Menzel 1992). Because of this vital interaction between flowers
and pollinators, floral signals and pollinators’ cognitive abilities are expected to coevolve
(Menzel and Backhaus 1991). Pollination biology presents one of the best-studied
systems in ecology and behavior; behavioral, neuroethological and physiological studies
address learning and decision-making in pollinators, while ecological and evolutionary
studies address the diversity and evolution of floral signals.

Sometimes pollinators show flower constancy by visiting only specific flowers
while ignoring other flowers that are also rewarding (Waser 1986). Constancy has
advantages for plants since it increases the likelihood of pollen transfer between

individuals of the same species rather than pollen movement to heterospecifics (Waser



28

1983). Several explanations exist for flower constancy. Although none of these
explanations is sufficient to explain constancy by itself, the majority involve some type of
cognitive limitation, including constraints on memory (Waser 1986, Chittka et al. 1999),
or limited attention and search images (Goulson 2000, Wilson & Stine 1996, Waser 1986,
Levin 1978).

One recent explanation for flower constancy involves the trait variability
hypothesis, which argues that pollinators are limited in their ability to process
information about multiple traits (Gegear & Laverty 2005, 2001). According to this
hypothesis, pollinators become more constant when flowers differ in multiple traits (or
dimensions), such as color and morphology (Bateman 1951, Waser 1983), or size and
odor (Gegear 2005). Similarly, other observations of bee foraging suggest bees show
higher levels of constancy when flowers are more distinct (reviewed in Chittka et al.
1999) even in one modality. One such case is when flowers have distinct colors (Dyer &
Chittka 2004a, Chittka et al. 2001), which presents an easy discrimination task for bees
(Giurfa 2004, Lehrer 1999). Bees also generalize and switch between species with similar
color (Dyer & Chittka 2004a, Gumbert & Kunze 2001, Gumbert 2000, Chittka et al
1997). Together, these observations suggest that constancy increases when flowers are
more different, even if the difference is along one dimension such as color, and that
similarities in flowers lead to generalization.

If flowers with distinct signals lead to higher levels of flower constancy, then we
can expect divergent selection on flower signals to promote constancy. Phylogenetic

studies show that bee visual systems evolved before the evolution of angiosperms
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(Chittka & Menzel 1992, Chittka 1996, Gumbert et al. 1999, Dyer & Chittka 2004a, Dyer
2004), so the flower colors are thought to be evolutionarily suited to the visual system of
pollinators, especially bees. Bees generalize to similar colors, and the flowers are selected
to produce divergent colors that can aid in species identification (Dyer 2004).

However, the pressures from the pollinator visual system may not be the only
factors driving floral evolution. Floral colors may also be influenced by evolutionary
constraints such as pleiotropy (Chittka et al. 2001). Pleiotropy is the control of one gene
over many traits, and can lead to indirect selection on one of the traits. For example,
Armbruster et al. (1997) showed that pigments that give flowers their colors are also
found in leaves and stems. Expression of these pigments in parts other than the flowers
may be essential for survival of plants (Chittka et al. 2001). A complete understanding of

flower-pollinator interactions should include such alternatives.

1.2.3 Bee foraging and the speed-accuracy trade-off

Despite many studies on pollinators, the role of multimodal signals in foraging
behavior of pollinators remain largely unexplained (but see Kunze & Gumbert 2001). In
particular, the integration of signals from different modalities is important for adaptive
foraging behavior (Chittka & Raine 2006, Raguso & Willis 2002). The speed-accuracy
trade-off is important as a mechanism that determines behavioral outcomes, but it can
also have important consequences for fitness of individuals or even colonies, such as in

the case of social insects. In studies of foraging decisions and learning abilities of
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bumblebees, the traditional approach has been to look at accuracy, defined by the
percentage of correct visits to the rewarding flowers, as a measure of fitness. However, a
recent study by Burns (2005) suggests that speed of decisions may also be an important
factor in determining bees’ nectar collection rates.

The behavior of few animals is as thoroughly studied as that of bees. Their
experiences can be controlled under lab conditions and they can be trained to
discriminate between artificial or natural flowers with different cues (olfactory cues:
Laloi et al. 1999, Laloi & Delegue 2004, Gegear 2005; visual cues: Heinrich et al. 1977,
Odell et al. 1999, Gegear 2005). Learning also influences their flower choice in nature;
bees are known to shift their preferences according to changing levels of rewards
(Kawaguchi 2006, Thomson 1981, Heinrich 1979). They also show the speed-accuracy
trade-off while foraging under lab conditions (Dyer & Chittka 2004b, Chittka et al.
2003). Although bumblebee learning has been studied well, the relative significance of
floral cues from different modalities in flower selection is still not clear (Andersson &
Dobson 2003).

Bee sensory systems and learning abilities have been addressed in several
behavioral and electrophysiological studies. Honeybees and bumblebees have
trichromatic color vision. The sensitivity peaks for Bombus terrestris are at 328 nm
(ultraviolet), 428 nm (blue), and 536 nm (green) (Peitsch et al. 1992), while the
sensitivity peaks for B. impatiens are at 352 nm (ultraviolet), and 450 nm (blue) (Briscoe
and Chittka 2001). These sensitivity peaks and their interaction at neural levels determine

which colors bees can detect (Giurfa and Lehrer 2001), which have important
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implications on not only which flowers bees choose to forage on, but also on the diversity
of flowers pollinated by bees.

Although less ephemeral and less informative than visual cues (Raguso 2001,
Bradbury & Vehrencamp 1998), olfactory cues also aid in flower approach and
associative learning (Raguso 2001, Metcalf & Kogan 1987, von Frisch 1954). Floral
olfactory cues are usually composed of flowery scents including terpenoid and benzenoid
compounds, but can also include aliphatic hydrocarbons that mimic insect pheromones
(Proctor et al. 1996). The ability of bees to discriminate smells depends on structural
similarity of the olfactory cues (Laska et al. 1999). Sensory neurons in the antennae allow
bees to pick up the odor plumes, and the olfactory information is processed in the
antennal lobe before being sent to mushroom bodies, which are the sensory integration
places in insect brain (summarized in Raguso 2001). In addition, olfactory cues left by
bees can attract or deter conspecifics to specific flowers (Cameron 1981, Stout 1998).

Signaling in more than one modality could be advantageous for plants if it leads
to better learning and decision-making abilities of pollinators. According to trait
variability hypothesis, flowers differing in two traits (such as multimodal flowers that
differ in olfactory and visual traits) might be more difficult to learn/process in
comparison to flowers that differ only in one of these components. This prediction would
mean that bees would take longer to reach accurate decisions when foraging on
multimodal flowers. However, alternatively, if the multimodal signals provide detection,
discrimination or processing benefits, bees will make accurate decisions faster when

foraging on multimodal signals. Although we have a good understanding of the difficulty
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of detecting different visual and olfactory signals for bees, we do not yet fully understand
if and how multimodal signals differ from each other or from signals in one modality.
Studying the speed-accuracy trade-off produced by multimodal signals may provide
insight into not only the detection and processing of signals, but also into our
understanding of how cognitive processes influence flower constancy.

In the next chapter, I present a study in which I investigated the role of
complexity and modality of signals on decision-making. I looked at the speed-accuracy
trade-off in foraging decisions of bumblebees (Bombus impatiens) that were trained to
forage on artificial flowers differing either in one modality (shape or olfactory) or in two

modalities (shape and olfactory).
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CHAPTER 2
COMPLEX SIGNALS AND THE SPEED-ACCURACY TRADE-OFF IN

FORAGING DECISIONS

2.1 INTRODUCTION

The ability to use information is essential for the survival of organisms.
Extracting biologically relevant information from signals in the environment requires
efficient signal detection and processing abilities. Studies on decision-making have
benefited from predictions of the Signal Detection Theory (Green& Swets 1966, Wiley
1994), which looks at the uncertainty in signal detection caused by the perceived
similarity of signals (Wiley 1994, Shettleworth 1998). The theory predicts that one of the
ways to increase the accuracy of decisions is by increasing the perceived difference
between the signals.

However, Signal Detection Theory is somewhat limiting because it looks only at a
single signal component. Most signals in nature are complex signals, which are signals
that are composed of several components (Hebets & Papaj 2005). Although adding
another signal component may be costly for a sender due to increased energetic
constraints (reviewed in Partan & Marler 2005), or may be disadvantageous in situations
where the second component attracts an unintended receiver or a predator (Roberts et al.
2006), increased detection by the receivers may be one of the reasons why most signals in
nature are complex. Complex signals may aid in detection, discrimination and processing

abilities of receivers (Rowe 1999). Multimodal signals, which are signals composed of
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components from two or more sensory modalities, may provide further detection and
processing benefits in comparison to unimodal complex signals (reviewed in Partan &
Marler 2005, Rowe 1999).

In order to understand how two or more components may be perceived by the
animals, the predictions from General Recognition Theory, which is an extension of
Signal Detection Theory for signals with multiple components (Ashby & Townsend
1986), may be useful. Under the assumption of equal variances in signal perception, the
theory can be used to compare the difficulty of deciding between two signals that differ
in two components to the difficulty of deciding between its two components. The signals
that differ in two components may be perceived as more different from each other, and
present an easy discrimination task.

It is possible to collect data on the perceived similarity of signals with one
component by incorporating results from neurobiology, physiology of animal sensory
systems, and the behavioral studies. But how can we study the similarity of complex,
especially multimodal signals? The speed-accuracy trade-off presents a unique
opportunity for empirically addressing this question. The commonly observed tight
negative correlation between the accuracy of decisions and their speed, also known as the
speed-accuracy tradeoff, was initially recognized in humans (Garrett 1922) but has
recently been shown in invertebrates including bumblebees (Chittka et al. 2003),
honeybees (Passino & Seeley 2006) and ants (Franks et al. 2003), as well as in other
vertebrates, including rats (Uchida & Mainen 2003) and mice (Abraham et al. 2004,

Rinberg et al. 2006). Difficult decisions such as discriminating between two very similar
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stimuli are slower and less accurate (Kiani et al. 2006, Palmer et al. 2006, Roitman &
Shadlen 2002). So by using the speed-accuracy trade-off, we can address whether adding
another component to a signal improves signal detection and/or processing. If it does, we
would observe improvement in the accuracy and the speed of animals’ decisions.

In this study, I investigate the role of complexity and modality of signals on
decision-making processes in foraging bumblebees (Bombus impatiens). If the speed-
accuracy trade-offs are only influenced by signal detection and processing, we would
expect that bees foraging on flowers that differ in two cues (shape and olfactory) will
make faster and/or more accurate decisions in comparison to bees that forage on flowers

that differ either in shape or in olfactory.

2.2 METHODS

2.2.1 Study system and setup

Bumblebee (Bombus impatiens) colonies were obtained from Koppert Biological
Systems, Michigan, USA. The colonies were kept in their original nest boxes, and were
connected to a Plexiglas buffer box (10 x 11.5 x 2.5 cm) that had a manually controlled
gate that allowed bees to be released individually to the plywood experimental arena (120
x 75 x 36 cm) with Plexiglas top. Except during the training and testing sessions, the bees
foraged in the arena on “Beehappy” solution obtained from Koppert, and frozen pollen
was put daily into the nest box. I used three colonies for the experiments.

The bees were presented with four rewarding and four non-rewarding artificial

flowers arranged in a vertical setup. The flowers were constructed by drilling 200 pl
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holes into clear acrylic rods (US Plastic, extruded square acrylic tubing) that were
embedded into a poster board (73 x 36 cm) placed vertically in the experimental arena, 80
cm away from the entrance. These rods were then placed into the center of the shapes (6
cm in diameter) cut from standardized colored HKS-N papers (Hostmann-Steinberg K+E
Druckfarben, H. Schmincke& Co., Erkrath, Germany). For the experiments in which
visual stimuli were manipulated, I used yellow (3N) flowers that were cut in circles or
crosses. The poster board was covered with green (54N). All of the flowers were covered
with transparent acetate sheets and cleaned regularly with 30% alcohol to eliminate any
olfactory cues left by foraging bees. Figure 2.1 shows the reflectance spectra of the
flowers and the background used in the study, in addition to the reflectance spectra of the
flowers through the acetate sheets.

For the olfactory experiments, [ used 2 pl of peppermint and clove essential oils
(obtained from Aura Cacia, Frontier Natural Products, Norway) diluted in 1:100 pentane.
These odors have been used in previous experiments with Bombus (Gegear & Laverty
2005 - clove and peppermint oils, Kunze and Gumbert 2001 - clove), and can easily be
discriminated from each other. The diluted oils were placed in Eppendorf centrifuge
tubes (1.5 ml) embedded into the poster board behind each flower. I poked small holes
into the flowers and the overhead sheets to allow odors to be transmitted to the bees.
Since chemical cues from previous foragers affect flower choices of bumblebees
(Dornhaus & Chittka 1999), this design allowed me to reduce the possibility of odor
transfers that might occur between the forager bees and the other bees in the hive. It is

possible, however, that some of the olfactory cues in the arena were transferred to the



37

hive through the cuticle of foragers. Bumblebees may be detecting olfactory cues from
longer distances than visual cues (Kunze & Gumbert 2001). Placing the odors behind the

flowers was essential for reducing the likelihood of this possibility as well.
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Figure 2.1. Percent reflectance spectra of the flowers and the background.
Black line is the reflectance of the green background HKS-54N.
The red line is the reflectance for yellow flowers HKS-3N, while
the red dashed line is for yellow flowers as seen through acetate.

Before the training trials, bees were allowed to visit the clear acrylic rods
embedded in the poster board ad libitum. In this pre-training phase, the colored paper

flowers were removed from the rods to eliminate any associations of food and color.
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Each rod had 30% sucrose solution as reward, and the rods were refilled every hour. Bees

that visited the rods were individually marked with enamel paints on their thorax.

2.2.2 Training

I trained bees on three different discrimination learning tasks. A minimum of 10
bees were trained in each experiment, and no bee was used in more than one experiment.
The groups were trained on 1) shape differences (crosses as rewarding, circles as non-
rewarding), 2) olfactory differences (peppermint as rewarding, clove as non-rewarding),
3) olfactory + shape differences (peppermint & cross as rewarding, clove & circles non-
rewarding). I switched the rewarding and non-rewarding stimuli after five bees were
trained in each group. The rewarding flowers were filled with 30% sucrose solution,
while the non-rewarding flowers were filled with water.

During training trials, marked bees were released individually to the experimental
arena. A trial began when a bee entered the experimental arena, and ended when the bee
returned to the nest. If a bee did not visit flowers within10 minutes, the trial was
terminated and she was returned to the nest until the next trial. During training trials,
individuals were allowed to visit flowers freely while I recorded the number of visits to
rewarding and non-rewarding flowers. In addition, I kept records of the handling time,
measured as the time between landing on a flower and leaving the flower.

Between the trials, I re-arranged the flowers to prevent bees from learning the
location of rewarding flowers. Rearranging the flowers was done so that the same

individual did not receive more than two rewarding flowers in the same location
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consecutive trials. I also replaced the rods and cleaned the flower overhead sheets to
prevent bees from responding to scent marks left by the previous bees. In order to
proceed to the testing phase, bees had to complete a minimum of 3 trials and achieve

80% correct choices on their last 10 visits.

2.2.3 Testing

Once bees learned to discriminate between the rewarding and the non-rewarding
flowers, the testing phase began. In most cases, testing immediately followed the last
training trial. In the few cases in which the bees did not visit the arena after the last
training trial on the same day, bees were tested the following day. Some studies have
shown that bumblebee foraging skills decline overnight (Keasar et al. 1996, but see
Chittka 1998), so I ran another training trial immediately before the testing trial in those
cases. During the testing trials, all flowers were non-rewarding. As in training trials, bees
were allowed to visit flowers freely as [ videotaped their visits using a Sony DCR-HC48
Mini DV Camcorder stationed next to the nest entrance, directly across the testing array.
Bees were tested twice. Between the trials, I changed the location of all flowers and
refilled the flowers with water.

I also conducted morphometric measurements with digital calibers. Previous
studies have documented that larger bees learn faster (Worden et al. 2005). To see
whether bees’ learning and decision-making abilities were influenced by their body size,
I measured head width (eye to eye), thorax width (intertegula span), and forewing length

(average of left and right wings) of the bees that reached the 80% criterion.
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2.2.4 Video analysis

I analyzed the videos of testing trials frame-by-frame. In my recordings, each
second corresponded to 30 frames. From the frame-by-frame analysis, I quantified the
following variables: 1) time of landing, defined by the first contact with the flower, 2)
time of takeoff, defined by the last leg of bee leaving the flower, 3) whether or not the
bee was “searching”, (facing the testing array) between visits to subsequent flowers, 4)
whether the visits were to previously rewarded (correct) flowers or previously non-
rewarded (incorrect) flowers. The decision time for each visit was determined as the time
difference between leaving a flower and landing on another flower. Decision time was
first calculated in number of frames, and then converted into seconds. A few times, the
bees stopped searching for flowers but remained in the testing area during the trials. Most
of these instances corresponded to walking around the arena or staying at rest. In those
cases, resuming flight was assumed to be correlated with resumed search activity, and
decision times were calculated starting from flight time instead of leaving the previous

flower.

2.2.5 Data analysis

The number of visits required for bees to learn the discrimination task in each of
the three groups was analyzed with ANOVA using R statistical analysis software
(CRAN). In addition to the treatments, the learning analysis included shape of the flowers

and the colony the bees belong to. For each bee, the average choice time and the
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percentage of correct choices were calculated and entered as data points in regressions
analyzed with ANCOVA for differences in slopes and y-intercepts. In both cases, the
models started with all the relevant variables, but the interactions and the variables
without significant effects were removed from further analysis, starting with the least
significant interaction. The variables with significant effects were entered into a post-hoc
Tukey analysis completed with JMP Statistical Software (SAS Institute Inc.)

During the testing, all of the flowers were non-rewarding. The bees’ behavior may
change after they visit a non-rewarding flower that has previously been rewarding in
other trials. I used logistic regression to test whether the decision time, the treatment
groups, the colonies bees belong to, and flower shape influenced the accuracy of the first
visits. Analysis of body size correlations with learning, speed and accuracy were carried
out separately from the rest of the analysis.

To test whether treatment groups influence bee foraging efficiency, I looked at the
rate at which bees found the target flowers in each group. The target finding rate was
calculated by dividing the number of correct visits during the testing trials by the total

amount of time bees spent searching for flowers during the test trials.
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2.3 RESULTS

2.3.1 Learning

Across the three treatment groups consisting of shape, olfactory, and multimodal,
I trained 44 bees, only 33 (n=10, 12, 11 for shape, olfactory and multimodal,
respectively) of which reached the learning criterion (80% for the last ten visits). Figure
2.2 shows a typical learning curve observed in each of these groups. The mean number of
visits required to reach the learning criterion did not depend on whether the crosses or the
circles were rewarding (ANOVA, F 1 29=0.0391, R*=0.001, p = 0.85, Figure 2.3a), or
whether olfactory or peppermint flowers were associated with rewarding flowers
(ANOVA F 20=4.196, R’=0.1809, p= 0.0546, Figure 2.3b) , so the shape and the odor
variables were removed from the model. Colonies differed in their learning ability (F 223
=7.264, R*=0.3416, p = 0.003), but the group bees were trained was independent of this
learning ability (p= 0.76 for the treatment and colony interaction), so the interaction
variable of treatment and colony was removed from further analysis.

The number of visits required to reach the learning criterion was influenced by the
treatment group (shape, olfactory, multimodal) in which bees were trained (F ; 29 = 8.60,
R’=0.228, p = 0.007; Figure 2.4). The difference between visual and multimodal groups
(mean+ s.d.: 28.9+ 11 and 16+ 5.4 for visual and multimodal) was significant as revealed
by the post-hoc Tukey test. However, the post-hoc Tukey test showed no statistically
significant difference between the number of visits required to reach criterion in olfactory
treatment (mean+s.d.: 20+ 10.8) and multimodal treatment, or between visual and

olfactory treatments.
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Figure 2.2.  Example of learning curves from bees in three treatment groups. First

graph shows visits of a bee trained in shape differences, the second graph
shows visits of a bee trained in olfactory differences, while the third graph
is for multimodal differences (shape+olfactory). Each data point in the

graphs represents a visit bee makes to a
On the y-axis, 0 represents incorrect (no

flower during the training trials.
t rewarding) flowers, and 1

represents the correct (rewarding) flowers. Each graph shows data that are
pooled across several trials. In order to proceed to the testing phase, the
bees needed to obtain 80% accuracy in their last 10 visits (in red).
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Figure 2.3. Mean number of visits required to learn different shapes and odors for the
unimodal flowers. There was no statistical difference in how fast different
shapes are learned (ANOVA, F 1 20=0.0391, R*=0.001, p = 0.845), or
how fast different olfactory cues were learned (ANOVA F; 29=4.196, R?=
0.1809, p= 0.0546).
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Figure 2.4.  Mean number of visits (+ s.e.) required to learn flowers in each treatment

group. The bees were expected to reach 80% criterion in their last ten
visits. The treatment group influenced how many visits were needed to
reach the criterion (F 29 = 8.604, R’*= 0.228, p = 0.0065). However the
only statistically significant differences were between means of shape and
shape+olfactory, as revealed by the post-hoc Tukey test. Values with the
same letter are not statistically different from each other.
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Body size of test bees were analyzed separately from the rest of the analysis. Bees
of different colonies varied in head width (F; 2, = 5.585, R?’= 0.202, p=0.0274), thorax
size (F12,=6.798, R?=0.236, p= 0.016) and wing length (Fi22=11.54, R’=0.344, p=
0.0026, Figure 2.5). However, none of the differences in body size influenced learning
(F7.16=0.8199, R2=0.264, p=0.584 overall; head width: p=0.288; thorax size: p=0.526;

wing length: p=0.403).
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Figure 2.5.  Intercolony differences in body size. Body size (mm, mean+s.e.) differed
across three colonies. Black bars represent the first hive, empty bars
represent the second hive, and the grey bars represent the third hive. Head
size (F120=5.585, p=0.0274), thorax size (F; 2= 6.798, p=0.016), and
wing length (F; 2, = 11.54, p=0.0026) all differ across colonies.
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2.3.2 Testing and the speed-accuracy trade-off

I'tested 31 of the 33 bees that reached the learning criterion (n= 8,12,11 for shape,
olfactory and multimodal, respectively). Overall, during all of the testing trials, the mean
percentage of correct choices was 67.26 % + 11.58 (mean % + s.d.) across all groups, and
the flower type bees were trained on influenced their accuracy (F; 29=5.95, R*=0. 17,
p=0.021). Bees trained on multimodal flowers had the highest accuracy (73.32 % + 9.
53), followed by bees trained on shape cues (64.5 % + 14.94) and olfactory cues (63.56
% + 9.17). Post-hoc Tukey test revealed that there were significant differences between
accuracy of bees trained in shape versus multimodal groups, as well as between accuracy
of bees trained in olfactory versus multimodal groups. However, there was no significant
difference between accuracy of bees trained on shape versus olfactory stimuli. The results
of an ANOVA with contrasts also showed that the difference in accuracy between
unimodal (shape and olfactory) flowers and multimodal flowers is significant (F 5=
4.97, p = 0.033; Figure 2.6).

The speed of decisions was also influenced by the treatment groups (F 1 30=5.635,
R’=0.2866, p= 0.008, Figure 2.7). Results of post-hoc Tukey showed statistical
difference in speed of decisions between bees trained on shape differences and on
multimodal flowers. Bees trained on shape made slower decisions (mean+s.d.:3.49 + 0.79
sec) than bees trained on multimodal flowers (mean+s.d.:2.59 + 0.55 sec). Post-hoc
Tukey showed no statistically significant difference between decision times for olfactory
(meants.d.: 2.87 + 0.45 sec) and multimodal flowers, or between visual and olfactory

flowers.
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Mean accuracy ( % =+ s.e.) of bees in each group. The dashed line at 50%
indicates random choice. Accuracy was influenced by the treatment (F 29
=5.95, R*=0.17, p=0.021). A post-hoc Tukey test revealed differences
between unimodal (shape, olfactory) and multimodal (shape+olfactory)
accuracy. This difference was also supported by the ANOVA with
contrast (F; 23=4.97, p =0.033). Values with the same letter are not
statistically different from each other.
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Mean decision times of individuals trained in different treatments (second
+ s.e.). Decision times were influenced by the treatment group (F 230=
5.635, R?= 0.2866, p= 0.008). A post-hoc Tukey test revealed difference
in speed between shape and multimodal flowers. Values with the same
letter are not statistically different from each other.
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In the olfactory and the multimodal groups, the accuracy of choices was
significantly positively correlated with the time bees took to reach those decisions
(Pearson’s correlation r = 0.6, t=2.374, p = 0.039 for olfactory; r = 0.664, t=2.663, p =
0.026 for multimodal). In both groups, the bees taking longer to decide had higher overall
percentage accuracy. However, the correlation between accuracy and time in the shape
group was not significant (r = 0.475, t=1.323, p = 0.234).

The correlation between speed and accuracy in the olfactory and in multimodal
flower groups supports the hypothesis that there is a trade-off between speed and
accuracy in these two groups, and this trade-off may also be present in the shape group as
well. Figure 2.8 shows the speed-accuracy tradeoffs observed in the three groups. An
ANCOVA of the three groups shows that the y-intercepts differ from each other (F 3,7=
5.987, R?=0.399, p=0.002). The multimodal treatment yielded the highest y-intercept
(43.549 % of correct choices), followed by olfactory (33.008 % of correct choices), and
shape (28.702% of correct choices). The homogeneity of regressions assumption of
ANCOVA was not violated and there was no overall difference in the slopes of the
regressions (treatment x speed: 0.9629). A post-hoc Tukey test showed that there was no
significant difference between the shape and olfactory groups’ speed-accuracy trade-offs.
However, the test also showed that the speed-accuracy trade-off in the multimodal
treatment was different than other two groups. ANCOVA with contrasts comparing
multimodal to unimodal (shape, olfactory) flowers supported the results of post-hoc
Tukey test (F125=8.65, p =0.006). Since Figure 2.8 shows that the regression line for

olfactory lies between shape and multimodal groups, I separately analyzed the differences
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in the speed-accuracy trade-off between the olfactory group and the multimodal group. I
found that the y-intercepts of the trade-offs from these groups were statistically different

(F3.10= 7.371, R?= 0.464, p=0.0018).
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Figure 2.8.  The speed-accuracy trade-off of each group. Triangles and the dashed
thick line represent the shape treatment. Bullets and the dashed thin line
represent the olfactory treatment. Empty squares and the continuous line
represent the multimodal treatment. The lines were parallel, but the y-
intercepts from unimodal flowers (shape, olfactory) were different from
that of multimodal flowers (F 3,7=15.987, R?’= 0.399, p=0.002).

In addition to analyzing the overall performance by looking at the average speed
and accuracy of each bee, I analyzed data for their first visits in each trial since the
behavior of the bees may change after visiting non-rewarding flowers that were initially

rewarding. The variables that were initially in the model included the decision time for
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the first decision, accuracy of the first decision (correct or incorrect), average accuracy
reached in that trial, and average decision time for that trial. The time taken for the first
decisions and the accuracy of the first decisions were entered into a multiple logistic
regression, with the first visits as the response variable. The time taken for the first
decisions in each trial did not significantly influence the first visit accuracy (multiple
logistic regression, z= 1.246, p = 0.212). However, the accuracy of the first visits was
strongly influenced by the treatment group to which bees belonged (z= 2.882, p = 0.003).
Figure 2.9 shows the mean (+ s.e.) of the accuracy of the first visits. The data are pooled
across invididuals from the same treatment groups. The accuracy of the first visit had no
significant effect on the overall accuracy achieved in that trial (F | 55 = 0.6343, R*=0.01 1,
p = 0.4292) or the average time for decisions in that trial (F ;55 =0.9165, R’=0.016, p=
0.3426).
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Figure 2.9.  The accuracy of first visits is influenced by the group bees were trained in
(z=2.882, p = 0.003). The graph shows mean accuracy (% +s.e.) for the
first visits, with data pooled across individuals from the same treatment.
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Body size had no effect on the accuracy of decisions (F 3,,9=0.047, R’= 0.069,
p=0.702 overall, thorax: F 1 1o=0.001, p=0.96; wing: F | ;o= 0.006, p=0.93; head: F | 1o=
1.421, p=0.24). Speed was influenced by head size (Figure 2.10), but not by thorax size
or wing length (F 3 ;9= 1.766, R?=0.069, p=0.877 overall, thorax: F 1.19= 0.04, p=0.82;
wing: F 119=0. 03, p=0.86; head: F | ;o= 5.21, p= 0.03- after removing nonsignificant

variables).
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Figure 2.10. Head width and decision time. Bees with larger heads, measured from eye
to eye, made quicker decisions (F 3 ;0= 1.766, R2=0.069, p=0.877 overall,
head: F | 1= 5.21, p= 0.03). Other body measurements did not have a
significant effect on the number of visits required to reach learning
criterion, the speed or the accuracy of decisions.
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2.3.3 Target finding rate

Bees’ target finding rates (number of correct visits/total decision time) were
influenced by the trade-off between speed and accuracy (F 225= 72.7, R’= 0.848,
p<0.001). In addition, the treatment groups had significant effects on the target finding
rates (ANCOVA, F ;3 = 9.4606, R’*= 0.4212, p= 0.0008, Figure 2.11). Post-hoc Tukey
test revealed that the multimodal flowers lead to higher rates than either of the unimodal
(shape, olfactory) flowers, and that there is no statistical difference in target finding rate

between shape and olfactory groups.
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Figure 2.11. Target finding rate was influenced by the treatment group (F 225 = 9.4606,
R?=0.4212, p= 0.0008). A post-hoc Tukey test showed differences
between shape+olfactory and other groups, but no differences between
shape and olfactory groups. Values with the same letter are not
statistically different from each other.
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2.4 DISCUSSION

Bees learned the flowers that differ only in shapes slowly. However, the learning
criterion was reached quicker when the flowers differed in both shape and odor. During
the testing trials, the speed of decisions followed a similar trend to learning of flowers;
bees made faster decisions when the olfactory cues were added to the shapes, and the
multimodal flowers resulted in more accurate decisions than either the shape or the
olfactory cue-only flowers. As a result of changes in speed and accuracy, the speed-
accuracy trade-off in different groups was influenced by whether the flowers were
unimodal or multimodal. This trade-off between speed and accuracy also influenced the
target finding rate of bees. Bees trained on multimodal flowers had higher target finding
rates. [ also found differences between colonies in learning speed and body size.
However, any differences I observed in learning were independent of intercolony body
size variation.

There are two interesting findings from this study. First, the results from learning
experiments suggest that shape differences may not be very informative when the bees
are learning which flowers to visit, at least under lab conditions. When odor was added to
shape differences, the number of visits to reach learning criterion decreased significantly.
This decrease, when taken together with the lack of significance between the number of
visits required to learn olfactory and multimodal flowers, suggests that bees may be
paying more attention to olfactory differences rather than shape differences when

learning which flowers to visit. This result is not surprising, since earlier studies have
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documented that bees learn shapes slowly (for honeybees, reviewed in Gould 1993).
However, it is possible that even shapes that were previously thought to be difficult to
discriminate for bees (i.e. convex shapes) can be learned (Lehrer & Campan 2005). Most
flower-pollinator interaction studies focus on the importance of floral symmetries and
how the pollinator preferences for specific shapes and/or symmetries drive floral
evolution (Rodriquez et al. 2004, also reviewed in Endress 2001, Neal et al. 1999).
Flowers rarely signal with one component or with one modality, and the learning results
from this study suggest that it would be valuable to consider possibility of interactions
between two modalities. For example, several studies have pointed out the effects of
multimodal signals on learning (Kunze & Gumbert 2001, Gerber 1998, Gerber & Smith
1998, also Rowe 1999). Gerber and Smith (1998) have found that presence of visual
stimuli enhances olfactory learning in honeybees, and used this result to argue against the
independence assumption in learning, which predicts that there will be no interaction
between learning of visual and olfactory stimuli. Similarly, Kunze and Gumbert (2001)
found that learning of visual cues in bumblebees is enhanced when both flowers were
scented with the same olfactory stimulus.

The second interesting finding is that the flowers that differed in both shape and
odors resulted in more accurate decisions when compared to the flowers that differ either
in their shape or odor. However, the increase in decision accuracy did not result in a
decrease in the speed of the decisions. Speed-accuracy trade-offs are more pronounced
when a task is difficult; difficult decisions such as discriminating between two very

similar stimuli take longer times and result in less accurate decisions (Kiani et al. 2006,
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Palmer et al. 2006, Roitman & Shadlen 2002). It is also known that most easy tasks do
not result in a trade-off between speed and accuracy (Dyer & Chittka 2004). Within the
multimodal group, there was a significant correlation between speed and accuracy of
decisions. Although choosing between multimodal flowers was still challenging enough
to produce a tradeoff, it was easier than choosing between visual or olfactory flowers.
The higher accuracy on multimodal flowers, the y-intercept differences in the speed-
accuracy trade-off between unimodal and multimodal flowers, and the significantly
higher target finding rates on multimodal flowers suggest that multimodal signals are
advantageous for bumblebees’ decision making.

What is the mechanism responsible for the influence of the multimodal signals on
the speed-accuracy trade-off? One possibility involves efficacy backup, in which
components of a complex signal provide detection and/or discrimination benefits in
different environments (Hebets 2005, Hebets & Papaj 2005). Signals may provide the
same information to the receiver, but aid in detection amidst environmental noise (Partan
& Marler 1999). This hypothesis would predict a lower probability of responding to each
of the components than to the whole signal. However, efficacy backup signals are
assumed to act independently without interacting with each other (Hebets 2005). A
similar hypothesis, the efficacy tradeoff, states that components of a signal may
overcome different problems, such as being detectable at different distances (Hebets &
Papaj 2005). Although it is possible that visual and olfactory cues are detected at
different distances (Giurfa et al. 1996), the relative short distance used in this experiment,

and the design of the experiment in which olfactory cues were placed behind the flowers,
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reduces the likelihood of this possibility. Another mechanism that may be responsible for
the observed effect of multimodal signals is a possible interaction between olfactory cues
and visual cues to direct the receiver’s attention, reducing effects of limited attention
(Hebets 2005). Although my study was not specifically designed to differentiate among
the above possibilities, the influence of multimodal signals on decision-making suggests
that the components of a multimodal signal may in fact be interacting with each other.

Target finding rate depended significantly on both the speed and the accuracy of
decisions, and whether the bees were visiting multimodal versus unimodal flowers. Bees
in the multimodal flower group found targets at a significantly higher rate than bees in
unimodal flower groups. It is also important to note that because the trade-off between
speed and accuracy influences the target finding rate, looking only at one of these
variables in behavioral studies may be misleading. Similarly, Burns (2005) also points
out the importance of decision speed in a model that predicts how speed-accuracy trade-
off influences nectar collection rate.

The results of the speed-accuracy trade-off, as well as the target finding rate
suggest that multimodal signals may be easier to respond to. The ease of detection and/or
discrimination may be one of the reasons why many organisms use multiple components
instead of becoming more distinct in just one dimension, even if it may be costly to add
an additional component to its display (Partan & Marler 2005). In General Recognition
Theory, the distance to the nearest decision bound can be used as a measure of task
difficulty (Maddox et al. 1998); the stimuli that are farther from the bound represent easy

tasks. Using this argument, I suggested in the Introduction that two multimodal signals
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will be perceived as more distinct from each other than their individual components. The
shapes used in this study were circles and crosses. Bees discriminate shapes based on
their outer boundaries (Lehrer & Campan 2005, Srinivasan 2006), so discriminating
between circles and crosses is easy for a shape discrimination task. Similarly, the clove
and the peppermint scents have previously been used in several bumblebee olfaction
experiments (Gegear & Laverty 2005), and may present an easy task. Still, the results
from the speed-accuracy trade-off and the target finding rates point to detection and/or
decision-making advantages of the multimodal flowers. These results suggest that
addition of a second component, even when signals are different from each other in one
dimension, may still be advantageous.

Another way to approach the question of why signalers use multicomponent
signals would be to consider the environmental variation that the signalers have to
overcome in order to transmit their signals. The signals not only need to stand out against
other signals in the environment, but they also need to do so in a variety of environmental
conditions. The efficacy trade-off hypothesis (Hebets & Papaj 2005) mentioned earlier
also uses this argument. One component may be detected from a longer distance, or be
displayed at different times than other components. Alternatively, two components may
increase the diversity of the receivers that can respond to the signal. In this case, if some
species are better at detecting one component than the other, then a second component
could be beneficial. As argued in the Introduction, multimodal signals aid in learning and
detection of signals across several species, and it is possible that pollinators perceive

flowers as multimodal sensory units (Raguso & Willis 2002, Gegear & Laverty 2001).
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However, different species of pollinators may use different cues to varying extents. For
example, Manduca sexta uses olfactory cues for long-distance detection of flowers, but
requires visual cues to feed (Raguso & Willis 2002), whereas Vanessa indica uses only
color contrast to locate flowers (Omura & Honda 2005). Even closely related species
such as honeybees and bumblebees show differences in how different modalities are used
while foraging (Gegear & Laverty 2001). Knowing differences in signal use among
receivers is crucial for understanding signal evolution and function.

Search times were shorter when olfactory cues were added to the shape
differences. Although some contradictory data exist (Odell et al.1999), it is possible that
olfactory cues are detected from a longer distance than visual cues (Kunze & Gumbert
2001). This may be the reason why multimodal flowers were detected faster than visual
flowers. Although I tried to control for this effect by using a short distance between arena
entrance and testing array, as well as by placing the olfactory cues behind the flowers, the
possibility of detection range differences between two modalities can not be ruled out
without further experiments that control how quickly the olfactory cues are detected.

The analysis of body sizes suggest that bee head size may correlate with faster
decisions, possibly due to faster detection times. In previous studies, size of compound
eyes have been shown to correlate strongly with body size (Spaethe & Chittka 2003,
Land 1981, Synder& Menzel 1975). Also, in a study looking at eye morphology of
different-sized bumblebees and their ability to detect artificial flowers, Spaethe and
Chittka (2003) showed that larger bees have improved visual resolution. Similarly, larger

bees may have higher sensitivity to odors (Spaethe 2001). Head size was important in
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explaining the decision speed, but it had no influence on individuals’ accuracy or
learning. Recent studies have documented that larger bees learn faster (Worden et al.
2005). In my experiments, body size measurements did not correlate with learning.
However, there were significant colony differences in body size and learning. Similarly,
Raine et al. (2006) did not find an influence of body size in learning, but found strong
intercolony differences in learning ability. Differences in learning speed may be
attributed to intercolony genetic differences (Raine et al. 2006), which have also been
shown in honeybee olfactory learning experiments (Bhagavan et al. 1994).

Finally, the results of this study have implications for the flower constancy
behavior shown by some pollinators. The speed-accuracy trade-off for multimodal
flowers suggests that detecting and/or processing information about multimodal flowers
is easier than it is for unimodal flowers. Similarly, by using predictions from General
Recognition Theory, it can be argued that a comparison between multimodal signals and
their components would show that multimodal signals present an easier discrimination
task than their components. The results of the speed-accuracy test, and the predictions
from the theory contradict the underlying assumption behind the trait variability
hypothesis (Gegear & Laverty 2001), which attributes the high levels of constancy on
flowers that differ in multiple traits (such as visual and olfactory) to the increased
cognitive limitations, such as difficulty in processing, learning, and remembering.

I suggest that there are two reasons why the assumption of increased cognitive
limitations with increasing number of traits does not hold in my study. First, my study

presents a discrimination task, and half of the flowers in the study were unrewarding.
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This design is in contrast to flower constancy studies in which all of the flowers are
rewarding, and bees can freely switch between different flowers. The increased levels of
costs associated with visiting the unrewarding flowers may have aided bees’ learning.

Second, in the flower constancy experiments in which the flowers differ in two
traits (such as visual and olfactory traits), the foraging array includes four different types
of flowers. Out of these four flower types, two flowers share the same scent but differ in
visual properties, while other two share the same visual properties but differ in scent
(similar to the four flower types in Figure 3a). In my experiments with multimodal
flowers, I only had two flower types, none of which shared a trait with another type of
flower. In other words, the flowers differed in both visual and olfactory cues from each
other (similar to the two flowers in Figure 3b). This difference is important because when
a bee visits a flower with multiple traits, she can be learning the flower as a compound
stimulus instead of learning the individual components of the flower. When objects are
learned as compound stimuli, it becomes difficult for animals to distinguish the
components of stimuli when they are separated from each other (reviewed in Rowe
1999). Due to this effect of learning compound stimuli, bees specializing on one of the
flowers may not visit other flowers on the array when floral traits differ in more than one
component. It would be valuable to repeat my experiments with testing arrays similar to
those of flower constancy studies, to see how bees are responding to the compound
stimuli and whether compound learning may be influencing flower constancy.

These differences in design may account for why learning was not adversely

affected by multiple floral traits. However, the speed-accuracy trade-off and the target
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finding rate both suggest advantages of multimodal signaling. It is unlikely that the
design differences between my study and constancy studies account for this result that
contradicts assumptions of trait-variability hypothesis. It would be valuable to re-evaluate
whether multiple traits result in increased cognitive limitations for pollinators. One
possible way is to include the speed-accuracy trade-off in further constancy studies.

In conclusion, I emphasize the importance of including the speed-accuracy trade-
off in studies of decision-making. Although I focused on a foraging context, similar
investigations can be applied to any type of decision animals make. Several recent studies
have suggested that decision times in addition to accuracy of decisions should be taken
into account when physiological mechanisms of perception are important in
understanding behavioral results (Dyer & Chittka 2004, Chittka & Spaethe 2007). My
results on the target finding rates support the argument that focusing on accuracy alone
might be misleading. Even though it is not clear whether multimodal flowers provide
advantages in bee learning, the higher target finding rates and the significant differences
in speed-accuracy trade-offs with multimodal flowers suggest multimodal signals
enhance decision-making processes of bumblebees. The mechanisms responsible for this
enhancement are not entirely clear, but it is obvious that multimodal signals have
important implications for receiver’s cognitive abilities, and may also play a special role
in signal evolution. Lastly, these results are in agreement with the growing body of
literature suggesting that complex signals will be better understood when their

components are studied together instead of in isolation.



62

REFERENCES

Abraham, N.M., Spors, H., Carleton, A., Margrie, T.W., Kuner, T. & Schaefer, A.T. 2004.
Maintaining Accuracy at the expense of speed: stimulus similarity defines odor discrimination
time in mice. Neuron 44: 865-876.

Andersson, S. & Dobson, H.E.M. 2003. Behavioral foraging responses by the butterfly
Heliconius melpomene to Lantana camara floral scent. Journal of Chemical Ecology 29: 2303-
2318.

Ashby, F.G. 2000. A stochastic version of General Recognition Theory. Journal of Mathematical
Psychology 44: 310-329.

Ashby, F.G. & Townsend, J.T. 1986. Varieties of perceptual independence. Psychological Review
93: 154-179.

Ashby, F.G. & Maddox, W.T. 1991. A response time theory of perceptual independence. In:
Mathematical Psychology : Current Developments (Ed by. J.P. Doignon & J.C. Falmagne). pp:
389-413. New York: Springer-Verlag.

Balkenius, A. and Kelber, A. 2006. Colour preferences influences odour learning in the
hawkmoth, Macroglossum stellatarum. Naturwissenschaften 93: 255-258.

Bateman, A.J. 1951. The taxonomic discrimination of bees. Heredity. 5: 271-278.

Belardinelli, M.O., Sestieri, C., Matteo, R.D., Delogu, F., Del Gratta, C., Ferretti, A., Caulo, M.,
Tartaro, A. & Romani, G.L. 2004. Audio-visual crossmodal interactions in environmental
perception: an fMRI investigation. Cognitive Processing 5: 167-174.

Bhagavan, S., Benatar, S., Cobey, S. & Smith, B.H. 1994. Effect of genotype but not of age or
caste on olfactory learning performance in the honey bee, Apis mellifera. Animal Behavior 48:
1357-1369.

Bitterman, M.E. 1996. Comparative analysis of learning in honeybees. Animal Learning &
Behavior. 24: 123-141.

Bond, A.B., Kamil, A.C. 2002. Visual predators select for crypticity and polymorphism in virtual
prey. Nature 415: 609-613.

Bradbury, J.W., & Vehrencamp, S.L. 1998. Principles of Animal Communication. Sinauer
Associates, Sunderland, MA.

Briscoe, A.D. and Chittka. L. 2001. The evolution of color vision in insects. Annual Review of
Entomology 46: 471-510.

Burns, J.G. 2005. Impulsive bees forage better: the advantage of quick, sometimes inaccurate
foraging decisions. Animal Behavior 70, el-e5.



63

Calvert, G.A. 2001. Crossmodal processing in the human brain: Insights from functional
neuroimaging studies. Cerebral Cortex. 11:1110-1123.

Cameron, S.A. 1981. Chemical signals in bumble bee foraging. Behavioral Ecology and
Sociobiology 9: 257-260.

Cartar, R.V. & Dill, L.M. 1990. Why are bumble bees risk-sensitive foragers? Behavioral
Ecology and Sociobiology 26: 121-127.

Chittka, L. & Spacthe, J. 2007. Visual search and the importance of time in complex decision
making by bees. Arthropod-Plant Interactions.In press.

Chittka, L. 1998. Sensorimotor learning in bumblebees: long-term retention and reversal training.
Journal of Experimental Biology 201: 515-524.

Chittka, L. 1996. Does bee color vision predate the evolution of flower color?
Naturwissenschaften 83: 136-138.

Chittka, L., Dyer, A.G., Bock, F. & Dornhaus, A. 2003. Bees trade off foraging speed for
accuracy. Nature 424: 388

Chittka, L., Gumbert, A., Kunze, J. 1997. Foraging dynamics of bumblebees: correlates of
movements within and between plant species. Behavioral Ecology 8: 239-249.

Chittka, L. & Menzel, R. 1992. The evolutionary adaptation of flower colours and the insect
pollinators' colour vision. Journal of Comparative Physiology A 171: 171-181.

Chittka, L. & Raine, NE. 2006. Recognition of flowers by pollinators. Current Opinion in Plant
Biology 9: 428-435.

Chittka, L., Spaethe, J., Schmidt, A. & Hickelsberger, A. 2001. Adaptation, constraint, and
chance in the evolution of flower color and pollinator color vision. In: Cognitive Ecology of
Pollination. (Ed. by L. Chittka & J.D. Thomson) pp. 106-126. Cambridge: Cambridge University
Press.

Chittka, L, & Thomson, J.D. 2001. Cognitive Ecology of Pollination. Cambridge: Cambridge
University Press.

Chittka, L., Thomson, J.D. & Waser, N.W. 1999. Flower constancy, insect psychology, and plant
evolution. Naturwissenschaften 86: 361-377.

Couvillon, P.A., & Bitterman, M.E. 1991. How honeybees make choices. In Goodman, L.J., and
Fischer, R.C.(eds.) The Behaviour and Physiology of Bees, CAB International, Wallingford, UK.

R development core team. 2006. R: A language and environment for statistical computing. R
foundation for statistical computing, Vienna, Australia. http://www.R-project.org

Desimone, R. 1998. Visual attention mediated by biased competition in extrastriate visual cortex.
Philosophical Transactions Royal Society London B. 353: 1245- 1255.



64

Dornhaus, A. & Chittka, L. 1999. Evolutionary origins of bee dances. Nature 401: 28

Dukas, R. 2004. Causes and consequences of limited attention. Brain, Behavior and Evolution.
63:197-210.

Dukas, R. 2002. Behavioral and ecological consequences of limited attention. Philosophical
Transactions of the Royal Society 357: 1539-1547.

Dukas, R. Kamil A.C. 2001. Limited attention: the constraint underlying search image.
Behavioral Ecology 12:192-199.

Dukas, R. Kamil, A.C. 2000. The cost of limited attention in blue jays. Behavioral Ecology 11:
502- 506.

Dyer, A.G. & Chittka, L. 2004a. Biological significance of distinguishing between similar colours
in spectrally variable illumination:bumblebees (Bombus terrestris) as a case study. Journal of

Comparative Physiology A 190: 105-114.

Dyer, A.G. & Chittka, L. 2004b. Bumblebees (Bombus terrestris) sacrifice foraging speed to
solve difficult colour discrimination tasks. Journal of Comparative Physiology A 190: 759-763.

Dyer, A.G. 2004. The evolution of flower signals to attract pollinators. Chemistry in Australia.
Elias, D.O., Lee, N., Hebets, E.A. & Mason, A.C. 2006. Seismic signal production in a wolf
spider: parallel versus serial multi-component signals. The Journal of Experimental Biology. 209:

1074-1084.

Endler, J.A. & Basolo, A.L. 1998. Sensory ecology, receiver biases and sexual selection. Trends
in Ecology & Evolutionary Biology. 13: 415-420.

Endress, P.K. 2001. Evolution of floral symmetry. Current Opinion in Plant Biology. 4: 86-91.

Eninger, M.U. 1952. Habit summation in a selective learning problem. Journal of Comparative
and Physiological Psychology. 45: 604-608.

Fischer, M. E., Couvillon, P. A., & Bitterman, M. E. 1993. Choice in honeybees as a function of
the probability of reward. Animal Learning & Behavior, 21: 187-195.

Franks, N.G., Dornhaus, A., Fitzsimmons, J.P. & Stevens, M. 2003. Speed versus accuracy in
collective decision making. Proceedings of Royal Society London B 270: 2457-3463.

Frisch, K. von. 1954. The Dancing Bees. Methuen, London.

Funayama, E.S., Couvillon, P.A. & Bitterman, M.E. 1995. Compound conditioning in honeybees:
Blocking tests of the independence assumption. Animal Learning & Behavior. 23: 429-437.

Garrett, H.E. 1922. 4 Study of the Relation of Accuracy to Speed. Archives of Psychology. NY.

Gegear, R.J. 2005. Multicomponent floral signals elicit selective foraging in bumblebees.



65

Naturwissenschaften 92: 269-271.

Gegear, R.J., Laverty, T.M. 2005. Flower constancy in bumblebees: a test of the trait variability
hypothesis. Animal Behavior 69: 939-949.

Gegear, R.J., Laverty, T.M. 2001. The effect of variation among floral traits on the flower
constancy of pollinators. In: Cognitive Ecology of Pollination. (Ed. by L. Chittka & J.D.
Thomson) pp. 1-20. Cambridge: Cambridge University Press.

Gerber, B. & Smith, B.H. 1998. Visual modulation of olfactory learning in honeybees. Journal of
Experimental Biology. 201: 2213-2217.

Ghazanfar, A.A. & Santos, L.R. 2004. Primate brains in the wild: the sensory bases for social
interactions. Nature Neuroscience Reviews. 5: 603-616.

Ghazanfar, A.A. & Schroeder, C.E. 2006. Is neocortex essentially multisensory? Trends in
Cognitive Sciences. 10: 278-285.

Giurfa, M. 2004. Conditioning procedure and color discrimination in the honeybee Apis mellifera.
Naturwissenschaften. 91: 228-231.

Giurfa, M., and Lehrer, M. 2001. Honeybee vision and floral displays: from detection to close-up
recognition. In Cognitive Ecology of Pollination. (Ed. by L. Chittka & J.D. Thomson) pp. 61-83.
Cambridge: Cambridge University Press.

Giurfa, M., Nunez, J., Chittka, L. & Menzel, R. 1995. Colour preferences of flower-naive
honeybees. Journal of Comparative Physiology A 177: 247-259.

Giurfa, M., Vorobyev, M., Kevan, P. and Menzel, R. 1996. Detection of coloured stimuli by
honeybees: minimum visual angles and receptor specific contrasts. Journal of Comparative
Physiology A 178: 699-709.

Gould, J.L. 1996. Specializations in honey bee learning. In: Neuroethological Studies of
Cognitive and Perceptual Processes (ed. by C.F. Moss & S.J. Shettleworth) pp. 11-30. Boulder
CO: Westview press.

Gould, J.L. 1993. Ethological and comparative perspectives on honey bee learning. In: Insect
learning: Ecological and evolutionary perspectives (ed.by D.R. Papaj & A.C. Lewis) pp: 18-50.
New York: Chapman & Hall.

Goulson, D. 2000. Are insects flower constant because they use search images to find flowers?
Oikos 88: 547-552.

Green, D.M. & Swets, J.A. 1966. Signal Detection Theory and Psychophysics. Wiley, New York.

Grunbaum, D. 1998. Using spatially explicit models to characterize foraging performance in
heterogeneous landscapes. The American Naturalist. 151:97-115.

Guilford, T. and Dawkins, M.S. 1991. Receiver psychology and the evolution of animal signals.



66

Animal Behaviour 42: 1-14.

Gumbert, A. & Kunze, J. 2001. Colour similarity to rewarding model plants affects pollination in
a food deceptive orchid, Orchis boryi. Biological Journal of the Linnean Society 72: 419-433,

Gumbert, A. 2000. Color choices by bumble bees (Bombus terrestris): innate preferences and
generalization after learning. Behavioral Ecology and Sociobiology 48: 26-43.

Gumbert, A., Kunze, J., Chittka, L. 1999. Floral colour diversity in plant communities, bee colour
space and a null model. Proceedings of Royal Society London B. 266: 1711: 1716.

Harder, L.D.& Real, L.A. 1987. Why are bumble bees risk averse? Ecology 68:1104-1108.

Harder, L.D. 1983. Flower handling efficiency of bumble bees: morphological aspects of probing
time. Oecologia 57: 274- 280.

Hebets, E.A. 2005. Attention-altering signal interactions in the multimodal courtship display of
the wolf spider Schizocosa uetzi. Behavioral Ecology 16: 75-82.

Hebets, E.A. and Papaj, D.R. 2005. Complex signal function: developing a framework of testable
hypotheses. Behavioral Ecology and Sociobiology 57: 197-214.

Heinrich, B. 1979. ‘Majoring’ and ‘minoring’ by foraging bumble bees, Bombus vagans: an
experimental analysis. Ecology 60: 245-255.

Heinrich, B., Mudge, P.R., Deringis, P.G. 1977. Laboratory analysis of flower constany in
foraging bumblebees: Bombus ternarius and B.terricola. Behavioral Ecology and Sociobiology
3:247-265.

Honey, R.C. & Hall, G. 1989. Attenuation of latent inhibition after compound pre-exposure:
associative and perceptual explanations. Quarterly Journal of Experimental Psychology B. 41:

355-268.

Holldobler, B. 1999. Multimodal signals in ant communication. Journal of Comparative
Physiology A. 184: 129-141.

JMP, Version 6. SAS Institute Inc., Cary, NC, 1989-2005.

Johnstone, R.A. 1996. Multiple displays in animal communication: ‘Backup signals’ and
‘multiple messages’. Philosophical Transactions of the Royal Society. 351: 329-338.

Keasar, T., Motro, U., Shur, Y. & Shmida, A. 1996. Overnight memory retention of foraging
skills by bumblebees is imperfect. Animal Behaviour 52: 95-104.

Kiani, R., Hanks, T.D. & Shadlen, M.N. 2006. When is enough enough? Nature Neuroscience 9:
861-863.

Kunze, J., Gumbert, A. 2001. The combined effect of color and odor on flower choice behavior of



67

bumblebees in flower mimicry systems. Behavioral Ecology 12: 447-456.

Laloi, D., Pham-Delegue, M. 2004. Bumblebees show asymmetrical discrimination between two
odors in a classical conditioning procedure. Journal of Insect Behavior 17:385-396.

Laloi, D., Sandoz, J.C., Picard-Nizou, A.L., Marchesi, A., Pouvreau, A., Tasei, J.N., Poppy, G., &
Pham-Delegue, M.H. 1999. Olfactory conditioning of the proboscis extension in bumble bees.
Entomologia Experimentalis et Applicata 90: 123-129.

Land, M.F. 1989. Variations in the structure and design of compound eyes. In: Facets of Vision
(ed. by D.G. Stavenga & R.C. Hardie). pp 90-111. Berlin, Heidelberg: Springer.

Laska, M., Galizia, C.G., Giurfa, M. & Menzel, R. 1999. Olfactory discrimination ability and
odor structure- activity relationships in honeybees. Chemical Senses. 24: 429-438.

Laming, D.R. J. 1968. Information Theory of Choice Reaction Time. Wiley: New York

Lehrer, M. 1999. Dorsoventral asymmetry of colour discrimination in bees. Journal of
Comparative Physiology A: Sensory, Neural and Behavioral Physiology. 184: 195-206.

Lehrer, M. & Campan, R. 2005. Generalization of convex shapes by bees: what are shapes made
of? The Journal of Experimental Biology 208: 3233-3247.

Lehrer, M. & Bischof, S. 1995. Detection of model flowers by honeybees: the role of chromatic
and achromatic contrast. Naturwissenschaften 82:145-147.

Levin, D.A. 1978. Pollinator behavior and the breeding structure of plant populations. In: The
Pollination of Flowers by Insects (Ed. by A.J. Richards) pp 133-150. Academic Press, London.

Lo, C.C. & Wang, X. J. 2006. Cortico-basal ganglia circuit mechanism for a decision threshold in
reaction time tasks. Nature Neuroscience. 9: 956-963.

Lunau, K. & Maier, E.J. 1995. Innate colour preferences of flower visitors. Journal of
Comparative Physiology A 177: 1-19.

Lynn, S.K., Cnaani, J. & Papaj, D.R. 2005. Peak shift discrimination learning as a mechanism of
signal evolution. Evolution 59: 1300-1305.

Maddox, W.T., Ashby, F.G. & Gottlob, L.R. 1998. Response time distributions in
multidimensional perceptual categorization. Perception & Psychophysics 60: 620-637.

McNamara, J.M., Green, R.F. & Olsson, O. 2006. Bayes’ theorem and its applications in animal
behavior. Oikos 112: 243-251.

Menzel, R. 2001. Behavioral and neural mechanisms of learning and memoryas determinants of
flower constancy. In: Cognitive Ecology of Pollination. (Ed. by L. Chittka & J.D. Thomson) pp.
21-40. Cambridge: Cambridge University Press.

Menzel, R. & Backhaus, W. 1991. Colour vision in insects. In Vision and Visual Dysfunction. VI.



68

Perception of Color (ed. by P. Gouras), pp. 262-293. Houndmills, UK: Macmillan Press.

Metcalf, R. L. & Kogan, M. 1987. Plant volatiles as insect attractants. Critical Reviews in Plant
Sciences. 5:251-301.

Neal, P.R., Dafni, A. & Giurfa, M. 1999. Floral symmetry and its role in plant-pollinator
systems: terminology, distribution and hypotheses. Annual Review of Ecology and Systematics.
29: 345-373.

Odell, E., Raguso, R.A. & Jones, K.N. 1999. Bumblebee foraging responses to variation in floral
scent and color in snapdragons (Antirrhinum: Scrophulariaceae). American Midland Naturalist
142: 257-265.

Omura, H. & Honda, K. 2005. Priority of color over scent during flower visitation by adult
Vanessa indica butterflies. Oecologia 142: 588-596.

Pachella, R.G. 1974. The interpretation of reaction time in information processing research. In:
Human Information Processing: Tutorial in Performance and Recognition. (Ed by Kantowitz, B)
pp. 41-82. Erlbaum, Hillsdale.

Palmer, J., Huk, A.C., Shadlen, M.N. 2006. The effect of stimulus strength on the speed and
accuracy of a perceptual decision. Journal of Vision. 5: 376-404.

Parker, G.A. & Maynard Smith, J. 1990. Optimality theory in evolutionary biology. Nature 348:
27-33.

Partan, S.R. & Marler, P. 2005. Issues in the classification of multimodal communication signals.
American Naturalist 166: 231-245.

Partan, S. & Marler, P. 1999. Communication goes multimodal. Science 283: 1272-1273.

Passino, K.M. & Seeley, T.D. 2006. Modeling and analysis of nest-site selection by honeybee
swarms: the speed and accuracy trade-off. Behavioral Ecology and Sociobiology 59: 427-442.

Pearce, J.M. 1994. Similarity and discrimination: a selective review and a connectionist model.
Psychological Review 101: 587-607.

Peitsch, D., Fietz, A., Hertel, H., Souza, J., Ventura, D. & Menzel, R. 1992. The spectral input
systems of hymenopteran insects and their receptor-based colour vision. Journal of Comparative
Physiology A 170: 23-40.

Proctor, M., Yeo, P. & Lack, A. 1996. The Natural History of Pollination. Timber Press.

Raguso, R.A. & Willis, M.A. 2002. Synergy between visual and olfactory cues in nectar feeding
by native hawkmoths, Manduca sexta. Animal Behavior 64: 685-695.

Raguso, R.A. 2001. Floral scent, olfaction, and scent-driven foraging behavior. In: Cognitive
Ecology of Pollination. (Ed. by L. Chittka & J.D. Thomson) pp. 83-105. Cambridge: Cambridge
University Press.



69

Raine, N.E., Ings, T.C., Ramos-Rodriguez, O. & Chittka, L. 2006. Intercolony variation in
learning performance of a wild British bumblebee population (Hymenoptera: Apidae: Bombus
terrestris audax). Entomol. Gener. 28: 241-256.

Rescorla, R.A., Wagner, A.R. 1972. A theory of Pavlovian conditioning: variations in the
effectiveness of reinforcement and nonreinforcement. In: Classical conditioning II: Current
Research and Theory (Ed. Black, A.H. and Prokasy, W.F.) pp. 64-99. New York: Appleton-
Century-Crofts.

Rinberg, D., Koulakov, A. & Gelperin, A. 2006. Speed-accuracy tradeoff in olfaction. Neuron
51:351-358.

Roberts, J.A., Taylor, P.W. & Uetz, G.W. 2006. Consequences of complex signaling: predator
detection of multimodal cues. Behavioral Ecology 18: 236-240.

Rodriguez, 1., Gumbert, A., Hempel de Ibarra, N., Kunze, J. & Giurfa, M. 2004. Symmetry is in
the eye of the “beeholder”: innate preference for bilateral symmetry in flower-naive bumblebees.
Naturwissenschaften 91: 374-377.

Roitman, J.D., and Shadlen, M.N. 2002. Response of neurons in the Lateral Intraparietal arca
during a combined visual discrimination reaction time task. The Journal of Neuroscience. 22:

9475-9489.

Roper, T.J., & Marples, N.M. 1997. Odour and colour as cues for taste-avoidance learning in
domestic chicks. Animal Behavior 53:1241-1250.

Rowe, C. & Shelkorn, J. 2004. Avian psychology and communication. Proceedings of Royal
Society London B 271: 1435-1442.

Rowe, C. 1999. Receiver psychology and the evolution of multicomponent signals. Animal
Behavior 58:921-931.

Russell, R.E., Swihart, R K., & Feng, Z. 2003. Population consequences of movement decisions
in a patchy landscape. Oikos 103: 142-152.

Ryan, M.J. 1998. Sexual selection, receiver biases, and the evolution of sex differences. Science.
281: 1999-2003.

Schmid-Hempel, P. 1993. On optimality, physiology and honeybees- a reply to Varju and Nunez.
Journal of Comparative Physiology A. 172: 251-256.

Shettleworth, S.J. 2001. Animal cognition and animal behaviour. Animal Behaviour. 61: 277-286.
Shettleworth, S.J. 1998. Cognition, Evolution and Behavior. Oxford University Press, New York.

Sih, A. & Christensen, B. 2001. Optimal diet theory: when does it work, and when and why does
it fail? Animal Behaviour 61: 379-390.

Skals, N., Anderson, P., Kanneworff, M., Lofstedt, C. and Surlykke, A. 2005. Her odours make



70

him deaf:crossmodal modulation of olfactory and hearing in a male moth. The Journal of
Experimental Biology 208: 595-601.

Small, D.A. 2004. Crossmodal integration- insights from the chemical senses. Trends in
Neuroscience 27: 120-123.

Smith, B.H. 1997. An analysis of blocking in binary odorant mixtures: an increase but not a
decrease in intensity of reinforcement produces unblocking. Behavioral Neuroscience 111: 57-69.

Smith, B.H., Cobey, S. 1994. The olfactory memory of the honeybee, Apis mellifera. II.Blocking
between odorants in binary mixtures. Journal of Experimental Biology. 195: 91-108.

Spaethe, J., Tautz, J. & Chittka, L. 2006. Do honeybees detect colour targets using serial or
parallel visual search? The Journal of Experimental Biology 209: 987-993.

Spaethe, J., Chittka, L. 2003. Interindividual variation of eye optics and single object resolution in
bumblebees. The Journal of Experimental Biology 206: 3447-3453.

Spaethe, J. 2001. Sensory Ecology of Foraging in Bumblebees. PhD Dissertation. Universtitat
Wurzburg.

Spaethe, J., Tautz, J. & Chittka, L. 2001. Visual constraints in foraging bumblebees: flower size
and color affect search time and flight behavior. Proceedings of the National Academy of
Sciences 98: 3898-3903.

Spaethe, J., Tautz, J. & Chittka, L. 2000. Foraging economics in bumblebees: do larger bees do a
better job? In International Behavioral Ecology Congress, Zurich, Abstract Volume pg 85.

Spaethe, J. & Weidenmuller, A. 2002. Size variation and foraging rate in bumblebees (Bombus
terrestris). Insectes sociaux. 49: 142-146.

Srinivasan, M.V. 2006. Honeybee vision: in good shape for shape recognition. Current Biology
16: 58-60.

Stein, B.E. 1998. Neural mechanisms for synthesizing sensory information and producing
adaptive behaviors. Experimental Brain Research. 123: 124-135.

Stenberg, S. 1969. The discovery of processing stages: Extensions of Donder’s method. Acta
Pscyhologica. 30: 276-315.

Stephens, D.W. and Krebs, J.R. 1986. Foraging Theory. Princeton University Press, New Jersey.

Stout, J.C., Goulson, D. & Allen J.A. 1998. Repellent scent-marking of flowers by a guild of
foraging bumble bees (Bombus spp.). Behavioral Ecology and Sociobiology 28: 277-290.

Taylor, D.A. 1976. Stage analysis of reaction time. Psychological Bulletin. 83: 161-191.

Thomas, R.D. 1996. Separability and independence of dimensions within the same-different
judgment task. Journal of Mathematical Psychology 40: 318-341.



71

Thomson, J.D. & Chittka, L. 2001. Pollinator individuality: When does it matter? In: Cognitive
Ecology of Pollination. (Ed. by L. Chittka & J.D. Thomson) pp. 191-213. Cambridge: Cambridge
University Press.

Thomson, J.D. 1981. Spatial and temporal components of resource assessment by flower-feeding
insects. Journal of Animal Ecology 50: 49-59.

Tinbergen, L. 1960. The natural control of insects on pinewoods. I.Factors influencing the
intensity of predation by songbirds. Archives Neerlandaises de Zoologie 13:265-343.

Uchida, N., Kepecs, A. & Mainen, Z.F. 2006. Seeing at a glance, smelling in a whiff: rapid forms
of perceptual decision making. Nature Neuroscience 7: 485-491.

Uchida, N. & Mainen, Z.F. 2003. Speed and accuracy of olfactory discrimination in the rat.
Nature Neuroscience 6:1224-1229.

Varju, D. & Nunez, J. 1991. What do foraging honeybees optimize? Journal of Comparative
Physiology A. 169: 729-736.

Waser, N.M. 1986. Flower constancy: definition, cause, and measurement. American Naturalist.
127: 593-603.

Waser, N.M. 1983. The adaptive nature of floral traits: ideas and evidence. In: Pollination
Biology (ed by Real, L.) pp. 241-285. New York: Academic Press.

Wiley, R.H. 1994. Errors, exaggeration, and deception in animal communication. In: Behavioral
Mechanisms in Evolutionary Ecology (ed by Real, L.A.) pp. 157-189. University of Chicago
Press, Chicago, IL.

Wilson, E.O. 1975. Sociobiology. The New Synthesis. Harvard University Press, Cambridge.

Wilson, P. & Stine, M. 1996. Floral constancy in bumblebees: handling efficiency or perceptual
conditioning? Oecologia 106: 493-499.

Worden, B.D., Skemp, A.K. & Papaj, D.R. 2005. Learning in two contexts: the effects of
interference and body size in bumblebees. The Journal of Experimental Biology 208: 2045-
4053.



