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Summary

Experience might effectively modulate our choice if prior stimulation reveals some

information about future reward. For example, experience might accumulate to an expected

reward at different target locations. Following Pascal (1670) the expected reward is given as

the predictability of the reward and the amount of reward associated with each location. In

the first study, we modulated the expected reward in a simple binary choice task in order to

test rational decision making in the context of complex expected value functions. We found

that the subjects likely match, but do not maximize the expected reward and likely

implement a short term average over stimulus appearances, but not the true generative

model.

In the second study, our aim was to gradually modulate the endogenous orientation of

attention with the expected value of distributed reward in the environment. Shifts in

attentional focus were induced by linking one location with a higher expected reward than

other locations. Larger expected values should then increase the likelihood that subjects

would focus their attention on one location rather than distribute it across the entire

display. The discrimination performance at a target location is a close indicator of attention.

Therefore, we setup a discrimination task and measured the behavioral discrimination

performance. In fact, we found that subjects increasingly discriminate the target status with

a larger expected value. The models proposed in the first study account quite closely for

basic properties of the behavioral results. However, a close analysis on a trial by trial basis

showed again that the true generative model cannot account for subjects� behavior, which is

however well explained by short term average over stimulus appearances.

In the third study, we measured the event related potential (ERP) during the discrimination

task introduced in the second study and compared the ERP modulations to the decision

making models proposed in the first study. Grand average ERP waveforms showed an

increase in components as early as the N1 component with increasing expected reward of

the stimulus location. In fact, the performance in the discrimination task and the reward

modulation are closely reflected in the amplitude of these early visual, attention related

EEG responses. We therefore conclude the processing of expected rewards in early visual

components of EEG.
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Introduction

1. Introduction
Consider a game with two doors, only one of which contains a reward. How does your

experience effect your expectation in such a game? How does the expectation in turn modify

the brain at a mechanistic level? And can even primary sensory areas be modified in such a

decision process? Neurons in primary visual cortex, for instance, have traditionally been

considered to respond exclusively to the physical properties of visual stimuli. However,

visual processing might not be merely a bottom up process of transmission of afferent

information, but rather it appears to be strongly modified by internal states such as

attention, expectation, or past history of the stimulus.

After an initial state of exploration, an organism might be able to benefit by exploiting its

knowledge about the environment. Rational choice theory provides a mathematical

formulation to make a decision based on a payoff function and the likelihood to receive the

payoff. The idea of rational choice theory is that individuals try to maximize their benefits

and minimize their costs. However, if rational choice theory is fundamental to decision

making, does it relate to neural activation in human visual cortex? One of the main inputs to

decision making based on rational choice theory is the probability of reward. In fact, Sharma

et al. (2003) demonstrated that neural activation in primary visual cortex of monkeys is

modulated with the probability of reward at a target location.

The other input to decision making following rational choice theory, is the amount of

reward. Shuler et al. (2006) showed that the activity of the primary visual cortex of Long

evans rats is modulated by reward. Therefore, two prominent features of decision making

are closely related to early sensory processing. Other studies found that firing rates of

individual neurons relate to the probability that a movement would be required to receive a

reward (e.g. Platt et al. (1999), for review see e.g. Glimcher (2003)).

Although there is some evidence for the calculation of probabilities of reward in the primate

brain, human subjects do not exploit this probability following rational choice theory. Indeed

it remains unclear why humans apparently learn the likelihood associated with a target, but

on the other hand do not exploit this knowledge. This violation of rational choice theory is

often observed when a payoff is available with higher probability given one response than

another. In these tasks human subjects tend to match probabilities. That is, they respond to
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the options in proportion to their payoff probabilities (e.g. see Shanks et al. (2002) for

review). This violates rational choice theory because the optimal strategy in such a task is to

always select that option with the highest payoff probability.

With probability matching being such a prominent feature of human decision making, the

next section will review the models and some selected examples of it. This includes the

introduction of expected values calculated from the probability and amount of reward,

which can be used to calculate the benefit associated to an action. Bayesian inference is

necessary, once the probability of reward changes over time and is derived for the special

paradigm used in this thesis. Finally, the next section will also review some prominent

examples of decision making in primate cortex.
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1.1 Probability matching
In this thesis we investigate processing of visual stimuli in the human cortex during decision

making tasks. That is, we relate decision making with processing of sensory stimuli by

changing the environment in which they are presented. Decision making in the social

sciences has a long history of paradigms, which actively modulated the environment and

which can be used during neuroimaging studies. Therefore, let us consider a game selected

to demonstrate computational modeling of decision making, which can then be related to

processing in human cortex.

1.1.1 Expected values

As an example of decision making consider the following game: imagine being offered the

opportunity to bet on one of two doors, one of which contains a new car and the other an

old car. Of course, without any further information about the game, the decision is reduced

to luck to win the new or old car. On the other hand, given further information, Pascal

(1670) proposed a mathematical framework (e.g. see review by Glimcher (2003)) to model

the decision making process. Pascal wondered, what the efficient decision in this game is,

when the likelihood to win the new and old car behind each door and the worth of each car

is given. Pascal argued that one could calculate the value of each door by multiplying the

likelihood of reward and the amount of reward. This value is called expected value by

modern economists and Pascal argued that a rational decision maker would choose that

door with the highest expected value.2

In the problem mentioned above, however, it is unclear how to extract the necessary

information: the likelihood of reward and the amount of reward behind each door. One way

is to provide this information prior to the decision of the player. Another way is to play this

game multiple times such that the player can extract this information from prior sequences.

For example, the player might have randomly won the old and new car in earlier trials and

now values the new car twice as high as the old car. On the other hand, the player learned

2 This theory only applies to simple games. Expected utility theory cannot account for stochastic, or
unpredictable, patterns of behavior. Von Neumann et al. (1944) proposed games, where neither player can
compute, in isolation, a single determined optimal strategy of the kind that classical expected utility theory was
designed to model. However, the mathematician John Nash (1950) recognized that the interaction might come
to rest at some sort of equilibrium point depending on the exact game, which however includes stochastic
behavior (e.g. see Glimcher (2003) for review)
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that the left door contains the new car in only 25% of the times, while the other door in 75%

of the times. The expected value for each door can then be calculated as:

Bet Likelihood of reward Amount of reward Expected value

Left door .25 2 .5

Right door .75 1 .75

Table 1: Example of expected values. The expected value is calculated separately for each

door by multiplying the likelihood of reward and amount of reward. In this example the

right door has a higher expected value and should therefore be preferred by a rational

decision maker following Pascal (1670).

In this example, the two doors have different expected values. If you play this game multiple

times, you will rather win more reward betting on the right door than on the left door.

Therefore, Pascal would have argued, an efficient decision maker would choose only the

right door, after an initial state of exploration given a steady likelihood and amount of

reward.

1.1.2 Bayesian inference

An extension of the model is necessary once the state is not steady.3 This is the case when

the amount of reward varies over time, e.g. there are multiple different cars of different

prices, or the likelihood of reward changes over time. In this case, the likelihood of reward

depends on the state of the game, which for example has to be inferred from the prior

sequence. If the player can extract the prior probabilities for each state, the Bayesian

theorem (Bayes (1991); see also Duda et al. (2001) for a review of the Bayesian theorem) can

be used to calculate the likelihood of reward in such a game.

A paradigm that modulates the likelihood of reward was developed by Sharma et al. (2003)

to examine the electrophysiological correlates of decision making in visual cortex V1. In this

setup they presented the target either randomly (R) at one of the possible locations or

grouped (G) only at one of the possible locations. No cue was provided as to which sequence

3 Another famous extension is the Monty Hall problem, in which a showmaster opens one of in that case three
doors, which was not selected by the player and contains a goat. The player is then asked if he wants to switch
his bet to the remaining door, which in fact doubles the probability of winning the car over another goat from
1/3 to 2/3 (e.g. see Barbeau (2000) for review)
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was in effect. Therefore, the subjects had to infer the presentation state from the prior

sequence.

Sharma et al. (2003) proposed a Bayesian model to calculate the likelihood of reward.

Assume equal prior probabilities of being in the randomized (R) or grouped (G) condition.

Therefore, define Sn 1 (up to trial n 1) as the sequence of previously observed stimulus

locations and let xin be the stimulus location of each trial n at location i. In each trial there

are m possible locations. The posterior p(xin|Sn 1) is then calculated by averaging the

predictions under both processes weighted by their posterior probabilities (see Appendix for

details):

)(),()(),()( 11111 nn
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Sharma et al. (2003) found that subjects rather matched this Bayesian posterior in a

prediction task, which is a common violation of rational choice theory.

1.1.3 Probability matching

Matching probabilities means, that people allocate their responses to the available options

in proportion to their relative payoff probabilities (e.g. see Shanks et al. (2002) for review).

This violates rational choice theory because the optimal strategy in such a task is to always

select that option with the highest payoff probability after an initial phase of exploration and

assuming stationary payoff probabilities.

A vast amount of studies has explored this behavior, which was demonstrated to be very

robust (e.g. review by Myers (1976) or Vulkan (2000)). Interestingly, participants failed to

maximize their reward even in spite of simple problems. For example, in a classical study

Neimark et al. (1959) used a paradigm where one alternative was correct 67% of trials and

the other in 33% of trials. Even under monetary incentives, responding rarely exceed 95% of

the correct choice alternative (Siegel (1961); Vulkan (2000)). On the other hand, instructions

and the stationarity of payoff probabilities had some effect toward maximization (Beach et

al. (1967); Braveman et al. (1968)), but still could not overcome the tendency to match

probabilities of subjects.
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Figure 1: Results from a classical study by Neimark et al. (1959), who played a game with

300 cards and 198 subjects, each card containing 1 of 2 letters. The 300 cards were

randomly drawn with a probability of .67 for 1 of the letters and .33 for the other. An

exemplary probability of predicting or choosing option number 1 is shown in the figure in

comparison to the actual likelihood of this option in the ten card blocks. They found that

the subject performed similar to the matching law rather than a maximization strategy.

Another variant of the classic probability learning task is to present cues or a set of cues

which vary from trial to trial. The cues signal reward probabilities for each choice alternative.

For example, Myers et al. (1968) presented one cue signaling that left was correct in 85% of

the times and right in 15% of the times. Another cue signaled the opposite. They found that

subjects have difficulties in maximizing their proportions of correct choices similar to other

probability learning tasks. Castella (1974) found that different forms of feedback information

fail to increase maximizing behavior. Other multiple cue probability learning tasks (MCPL)

tasks were used to examine rational choice in probability learning situations (e.g. Estes et al.

(1989); Friedman et al. (1998); Friedman et al. (1995); Kitzis et al. (1998); Nosofsky et al.

(1992)). Interestingly, these studies uniformly found sub optimal responding and in many

cases probability matching.

In favor of a more optimistic perspective on human behavior, Shanks et al. (2002) in fact

reported different factors contributing to an optimal response strategy. They reported that

subjects adopt rational choice when provided with large financial incentives, meaningful and

regular feedback and/or extensive training. Other comments in favor of rational choice are

usually low monetary values in the game (Vulkan (2000)), not truly random sequences
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(Fiorina (1971)) or a common suspicion about constant probabilities among subjects

(Hertwig et al. (2001)).

1.1.4 Perceptual Decision making

Probability matching is a key feature of human choice behavior. But how does it relate to

neural responses? Interestingly, Sharma et al. (2003) found that neural responses from

primary visual cortex map closely the payoff probability function. Other studies showed

firing rates related to probabilities in other brain regions, e.g. the probability that a saccadic

movement would be required was mapped to LIP neurons (e.g. Platt et al. (1999), for review

see e.g. Glimcher (2003)).

In visual saccadic decision making, Glimcher (2003) argues that sensory elements gather

data and pass it to integrative elements. These integrative elements in areas like LIP fire at a

rate related to the likelihood that the movement they encode will be reinforced as shown in

Figure 2. The output of the likelihood computation appears to be passed to the frontal eye

fields and raise neural firing rates towards a threshold. Once the threshold is crossed a

saccade is triggered.

Figure 2: The cued saccade task taken from Glimcher (2003). (a) Monkey fixate a central

stimulus and are presented with two eccentric target, one inside the response field of the

LIP neuron under study. After a delay the color of the central stimulus changes its color.
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The color identifies the movement target and the distractor. In blocks of trials, the

probability of color changes of the central stimulus is manipulated. (b) LIP firing rates were

found to be strongly influenced by the likelihood that a movement would be required.

Solid curves show average firing rates, while rows of tickmarks show spike times during

individual trials. (c) The firing rate was found to be a lawful function of the probability that

a movement would be required.

Furthermore, Glimcher (2003) suggests that sensory signals in a decision making task are

analyzed by areas like extrastriate cortex and combined with non sensory signals that

encode their prior probabilities and values. These combined variables are then represented

in posterior parietal cortex and its targets, where the combined signals can initiate the

saccadic movement.

But also neurons in primary visual cortex might play a role in decision making. Although they

respond mainly to the physical properties of visual stimuli, the visual processing might not

be only a bottom up process, but rather strongly modified by internal states such as the past

history of the stimulus (Sharma et al. (2003)) or reward (Shuler et al. (2006)). In fact, these

data suggest that V1 neurons might not only function as simple feature detectors, but partly

integrate information.
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1.2The visual system
The visual system is the object of interest in this thesis. Therefore, we briefly describe the

central visual pathway of mammals relevant for our experiments, neural encoding of stimuli

in the visual system described by tuning functions and their adaptivity.

1.2.1 The central visual pathway

The central visual pathway is probably the best explored signal processing pathway of higher

mammals. Therefore, this introduction is far from being complete. Instead, it is only an

introduction for the rest of this thesis and more detailed reviews can be found in textbooks

like Kandel et al. (2000) or David H. Hubel (1988).

Figure 3 outlines the general anatomical structure of the early visual pathway. The part of

the visual environment fixated by a human is called the visual field. Light rays from the visual

field fall into the eye and are focused by the cornea and the lens to form two images on the

left and right retinae. The retinae convert the light rays into spike patterns, which are

transmitted by the two optic nerves into the central nervous system. The optic nerves

contain about 106 fast conducting axons, almost all of which target the lateral geniculate

nucleus (LGN) within the thalamus. Before the LGN the optic nerve branches at the optic

chiasm such that one half of the fibers target the �contralateral� and the other half targeting

the �ipsilateral� LGN. That is the fibers connect to the opposite site of origin or same side,

respectively. The crossover occurs in a highly ordered fashion, which ensures that each LGN

receives the fibers from the ipsilateral parts of both retinae. Therefore, each LGN processes

the signals from the contralateral hemisphere of the visual field as indicated with different

gray values in the figure.
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Figure 3: Outline of the early visual pathway of higher mammals. The light from the visual

field is transformed into spikes by the retinae. The LGN is connected via the optic nerve

with the ipsilateral parts of both retinae and via the optic radiation to the primary visual

cortex (taken from Schwabe (2005)).

From the LGN fibers, which are referred to as the optic radiation, contact the primary visual

cortex or V1. The optic radiation does not cross hemisphere in contrast to the optic nerve.

Therefore, the primary visual cortex only receives input from the contralateral hemisphere

of the visual field analogously to the LGN. From the primary visual cortex, one stream

projects to higher visual areas, while another projects back to the LGN and other deep

structures.

1.2.2 Neural encoding and tuning functions

The visual environment relevant for perception and action is represented in neurons of the

visual cortices of the brain. The computation of these neurons is often modulated by spatial,

temporal, and behavioral context, but is dominated by the integration of signals received via

the afferent and the local recurrent connections. Orientation tuning in V1 is a paradigmatic

example of cortical computation since its discovery by D. H. Hubel et al. (1962), because

thalamic cells provide input to primary visual cortex but lack orientation selectivity.

However, cortical cells are orientation selective.

Neural encoding refers to the relation between stimulus and response. The response is a

temporal sequence of action potentials also called the spike pattern. The neuron receives a

spike train through its dendrites and transmits information through its axons (see Figure 4).
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Synapses are the functional connection between neurons, or between neurons and other

types of cells. A typical neuron gives rise to several thousand synapses and most synapses

connect axons to dendrites, although other types of connections include axon to cell body,

axon to axon, and dendrite to dendrite.

Figure 4: A cortical pyramidal cell projecting to other parts of the brain and nervous system

including axon collaterals to synapse with nearby neurons (adapted from Dayan et al.

(2001))

Synapses pass information directionally from a presynaptic cell to a postsynaptic cell. The

presynaptic terminal contains neurotransmitters enclosed in so called synaptic vesicles.

Immediately opposite is a region of the postsynaptic cell containing neurotransmitter

receptors. For synapses between two neurons the postsynaptic region may be found on the

dendrites or cell body. Between the pre and postsynaptic cells is a gap called the synaptic

cleft.

With this structure the neuron can receive information from multiple cells and transmit

information over large distances in the brain and even through the entire body. One

physiological feature of the cell are the ion channels. The differences in the charge of the

ions inside and outside the cell result in an electrical potential, which is of great relevance

for the transmission of information. Changes resulting from ion flows change the membrane

potential to less negative or even positive values. If the membrane potential is raised above

a certain threshold, an action potential or spike is generated by a positive feedback process.
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Neurons respond to stimuli with a sequence of spikes. In order to characterize the selectivity

of neurons to stimuli, tuning curves can be used as indicated by Figure 5. The tuning curve

refers to the average firing rate over a number of trials and is measured in units of spikes per

second or Hz. Note that the response of such a neuron depends on the stimulus. The tuning

curve can be characterized by four parameters: the preferred orientation producing the

maximum spike rate, the amplitude the width and the offset of the tuning function.

Figure 5: Tuning function. Firing rate response plotted as a function of the stimulus

orientation. Firing rate is highest for stimulus with preferred orientation and low for non

preferred orientation.

Although the firing rate response can be described by the tuning curve�s average, the actual

firing rate is highly characterized by noise and cannot be described deterministically, but

rather has to be described probabilistically. If the noise process is independent of the

preceding firing rates, it is called a Poisson process and a inhomogeneous Poisson process, if

it depends on the firing rates. The inhomogeneous Poisson process therefore reflects the

underlying firing rate, but varies from trial to trial.

1.2.3 Adaptivity of tuning functions

Orientation tuning is the classic example of stimulus selectivity in the visual cortex. It first

arises in the primary visual cortex (V1), and it is preserved in higher visual areas like V2 and

V4. The typically bell shaped orientation tuning functions, however, have been shown

experimentally to be highly plastic exemplified by phenomena like perceptual learning or

attention. They depend on change during the course of training a perceptual task (Ghose et

al. (2002; Schoups et al. (2001); Yang et al. (2004)).

Attention seems to influence the entire visual cortex, but follows a clear gradient in its

modulatory power (Treue (2003)). The strength of attentional effect dramatically increase as
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one moves up the cortical processing hierarchy (Cook et al. (2002)). The increased activity of

a cell is a constant factor (�gain�) independent of the presented stimulus and therefore leads

to a multiplicative difference in the tuning function of the cell. However, attention increases

the cells response to the preferred stimulus, but on the other hand decreases the response

to non preferred stimuli (Martinez Trujillo et al. (2004)).

Physiological correlates of attention in visual cortex include foremost an increase in the

stimulus driven neuronal activity compared with control trials. Treue et al. (1999)

disentangled the effects of spatial and feature based attention in area MT and showed that

they contribute independently to the observed increase in activity. They found that the

effects of attention on the direction of tuning curves of neurons in area MT were also

approximately multiplicative. A similar separation into spatial and feature based component

was also found in area V4 (McAdams et al. (2000), as well as an approximately multiplicative

modulation of the entire orientation tuning function, presumably mainly because of spatial

attention (McAdams et al. (1999).

Seung et al. (1993) investigated the relationship between the Fisher information and the

discrimination performance. The Fisher information is a way of measuring the amount of

information that an observable random variable carries about an unknown parameter upon

which the likelihood function depends. Seung et al. (1993) found that the discriminability

around a stimulus to a perceptron that is fully adapted to this particular discrimination is

identical to that of the maximum likelihood discrimination, i.e. the Fisher information.

Hence, the discrimination ability of a linear perceptron generally increases and decreases

with the Fisher information. The Fisher information can be increased by an increase in the

slope of the tuning functions and by a decrease in the activities for these stimuli (see

Schwabe et al. (2005)). Multiple strategies exist to adjust their values. For example, to

increase the discrimination performance tuning functions are multiplicatively modulated as

shown on the top of Figure 6. In a single neuron the discrimination performance increases

around the preferred orientation as shown on the bottom of Figure 6, but remains constant

at the preferred orientation. In the study by Treue et al. (1999) the monkey attended to a

particular stimulus direction during a direction discrimination task and activity increase,

when attention was allocated to the presented stimulus. In summary, one prominent
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physiological correlate of attentional modulations is an increase in activity for neurons

responding to the attended stimulus.

Figure 6: Change in discrimination performance. (Top) The firing rate response in Hz for

different stimulus orientations around the preferred orientation of a single model neuron.

The so called tuning curve is adapted multiplicative with attention shown as dotted line.

(Bottom) Change in discrimination performance after attention after the change in the

tuning function. The discrimination performance increases on the left and right side of the

preferred orientation and remains constant otherwise.
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1.3Attention as adaptivity in visual cortex
Our approach in this thesis is to modulate sensory responses with the expected value using

attention. We therefore review some prominent features of attention as a modulation in

visual cortex measured in single cell recordings and in event related potentials.

Electroencephalography (EEG) is the method chosen in this thesis to measure brain activity

and we therefore introduce its main characteristics. A more detailed review can be found in

textbooks like Regan (1989).

1.3.1 Attention in visual cortex

Effects of attention have been reported to be strongest in response to thin lines placed

within V1 receptive fields (Motter (1993); Roelfsema et al. (1998); Ito et al. (1999)).

Interestingly, McAdams et al. (2005) found that attention altered the magnitude but not the

structure of the receptive field of the simple cell and appears to have much more effect on

responses to stronger stimuli than to stimuli near or below the threshold.

If attention is modulated with the probability of target appearance, it could therefore also

modulate response in early visual cortex. For instance, it is unclear what role attention

played in the results of Sharma et al. (2003). In this setup, they trained monkeys to fixate a

spot on one of three possible target locations on a previously blank screen. After that a

stimulus was presented within a window centered on the fixation spot, while the monkeys

were required to hold fixation throughout the stimulus presentation to earn juice reward.

The presented trials could be used to predict the next target location (see calculation (1)

above and appendix for details). The monkey could therefore direct his covert attention

(Sperling et al. (1978)) to the next target location while fixating on the last target location.

The saccade latency is a sensitive indicator of the perceived likelihood of the target�s

appearance (Carpenter et al. (1995); Kowler (1990); Luce et al. (1972)). Indeed, Sharma et al.

(2003) found that the monkeys adjust their fixation strategy in proportion to the estimated

probability of being in the grouped condition. They conclude a formation of an internal

representation.

1.3.2 Attention in EEG

EEG measures the summed activity of post synaptic currents. For example, an action

potential in a presynaptic axon causes the release of a neurotransmitter into the synapse

that diffuses across the synaptic cleft and binds to receptors in a postsynaptic dendrite,
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resulting in a flow of ions into or out of the dendrite, which in turn results in compensatory

currents in the extracellular space. It is these extracellular currents that generate EEG

voltages.

In fact, a surface EEG reading is the summation of the synchronous activity of thousands of

neurons that have similar spatial orientation, radial to the scalp. Currents that are tangential

to the scalp are not picked up by the EEG. The EEG therefore benefits from the parallel,

radial arrangement of dendrites in the cortex. On the other hand, activity from deep sources

are more difficult to detect than currents near the scull, because voltage fields fall off with

the fourth power of the radius.

In this thesis we used evoked potentials measured by EEG. An evoked potential is an

electrical potential following presentation of a stimulus. Evoked potential amplitudes tend to

be low, ranging from less than a microvolt to several microvolts. To resolve these low

amplitude potentials against the background of ongoing other noise, signal averaging is

usually required. That is the signal is time locked to the stimulus and since most of the noise

occurs randomly, noise can be averaged out with averaging of repeated responses.

With attention being a prime candidate to modulate early visual responses and EEG being

the neuroimaging technique chosen in this thesis, we describe briefly the modulation of

event related potentials by attention. Much of the past work on visual attention has

addressed issues concerning the allocation of attention to spatially distributed visual

information that is presented for brief intervals (e.g. Treisman et al. (1980); see review by

Kinchla (1992)). A major objective of those studies was to discover the rules that govern how

quickly, how accurately, and under what conditions the focus of attention can be switched

to different regions in space.

When attention is focused on a spatial location, electromagnetic recordings have shown that

attended location stimuli elicit larger sensory evoked responses than stimuli presented at

unattended locations from around 80�300 ms after stimulus onset (e.g. Eason et al. (1969);

Harter et al. (1991); Luck et al. (1993); Mangun et al. (1988, (1991); Hillyard et al. (1998;

Rugg et al. (1987); Luck et al. (2000)). Since these ERP modulations typically begin within 80

ms of stimulus onset, they have been taken as strong evidence for the proposal that

attention operates at an early stage to improve sensory processing (e.g. Mangun et al.
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(1993)). Specifically, the selection of spatial locations leads to an enhancement of the P1

component (80�100 ms) and the N1 component (130�200 ms) (Hillyard et al. (1984);

Mangun (1995)). Furthermore, modulations of the P1 and N1 components were found to

reflect different aspects of attentional selection, with the initial P1 modulation reflecting

location selection in particular, and the subsequent N1 modulation reflecting stimulus

discrimination within the focus of attention (Mangun et al. (1991); Vogel et al. (2000); Hopf

et al. (2002)).

A classical study by Martinez et al. (1999) found ERP waveform modulations with attention

around the scalp replicated in Figure 7. Interestingly, they found the earliest facilitation of

attended signals at 70 75 ms mapped to extrastriate cortex using functional magnetic

resonance imaging (fMRI).

Figure 7: Grand averaged ERP waveforms. (a) ERP waveforms averaged over all subjects in

response to standard (non target) stimuli in the left visual field. Equivalent waveforms

were elicited by right visual field stimuli. Recordings shown are from electrodes at

occipito temporal (TO1/TO2), temporal (T5/T6) and occipito parietal (IPz) sites. Other sites

are indicated as dots on the head icon (from Martinez et al. (1999)).

Several studies have located the generator of the early C1, P1 and N1 components of the

visual evoked response by means of dipole modeling (e.g. Gomez Gonzalez et al. (1994)).

They found that the C1 component was consistent with a generator in striate cortex, while

the P1 and N1 components where located in lateral extrastriate cortex. However, the exact

location of each component still remains unclear. For example, Klimesch et al. (2007)

showed that different components may be generated at different sites simultaneously or

with different latencies.
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As an additional ERP wave related to location based attentional selection is the N2pc

component, observed in visual search tasks, in which a target is present at an unknown

location within an array of distracters. The N2pc is a negative voltage deflection in the N2

latency range with an onset between 170 and 200 ms over the posterior cortical areas

contralateral to the location of the target item: N2 posterior contralateral. Source

localization revealed that initial parts of the N2pc originate from current sources in the

posterior parietal cortex (180 200 ms) followed by later parts arising from sources in

occipito temporal cortex areas (after ~200 ms) (Hopf et al. (2000).
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1.4Adressed questions and outline
Sharma et al. (2003) investigated the modulation of early stages of sensory processing with

the probability of target location. Shuler et al. (2006) found that the activity of primary visual

cortex of Long evans rats is modulated by reward. However, both studies did not explicitly

control for attention, which is another prime candidate to modulate cell responses.

As a consequence, we developed a task where attention is overtly controlled and measured

the ERP in human visual cortex. Therefore, we extended the approach by Sharma et al.

(2003) to different amounts of target locations and introduced a payoff function. Given this

presentation setup we introduced a task controlling and testing attention focused at the

different target locations.

We consider the following questions:

How does the predictability of the target location modulate decision making,

discrimination performance and neural responses?

How does the amount of reward associated with the target location modulate

decision making, discrimination performance and neural responses?

Which mechanism accounts for the modulation of the predictability of reward and

how is it related to discrimination performance and neural responses?

The thesis is structured along these questions, where a single chapter is devoted to one line

of experiments:

Decision making tasks are considered in Chapter 2, which are based on the modulation of

the predictability of the target location proposed by Sharma et al. (2003) and extended to

payoff functions associated to the target locations. Combining these two features, the

probability and the reward of each target location, human subjects can acquire information

about future stimulus locations, but also receive varying reward for correct predictions.

Several models are proposed to account for the human behavior, which calculate the

probability of target location and are tested to account for the subjects� performance.

Chapter 3 investigates the discrimination performance of subjects at different target

locations, which uses the sequences and payoffs introduced in Chapter 2. Given a

distribution of expected values over the display, according to Pascal (1670) a rational
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decision maker would focus his attention to that location with the highest expected value.

The discrimination performance at a target location is a close indicator of attention (Lee et

al. (1999); Downing (1988)). We setup a discrimination task with two possible target

locations, where subjects were responsible of reporting the target status and received

negative feedback for incorrect discrimination. The models introduced in Chapter 2 are then

mapped to the performance results by means of additional parameters, which give an

insight to the psychometric functions applied by the human subjects.

Chapter 4 reports the modulation of neural responses measured by early visual ERP

components during the experiment introduced in Chapter 3. Our aim here was to gradually

modulate early ERP components with the expected value of distributed reward in the

environment. This modulation is mapped to the models proposed in Chapter 2.
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2 Predictability of reward modulates decision making

2.1 Introduction
Experience might effectively modulate our choice if prior stimulation reveals some

information about future reward. For example, experience might accumulate to a certain

probability of reward or amount of reward at different target locations. In this case, Pascal

(1670) argued, a rational decision maker would choose that possibility with the higher

expected reward given the probability of reward and the amount of reward.

Interestingly, people tend to violate rational choice theory commonly observed in simple

repeated binary choice tasks (e.g. see Shanks et al. (2002) for review). That is, people rather

�match� their responses to the probability of payoff of each option. For example, Neimark et

al. (1959) used a paradigm where one alternative was correct 67% of trials and the other in

33% of trials. In fact, subjects chose each alternative with the associated probability. This

violates rational choice theory because the optimal strategy in such a task is to always select

that option with the highest payoff probability and it has been found in a vast amount of

studies (e.g. review by Myers (1976) or Vulkan (2000)). Another study by Sharma et al.

(2003) presented targets randomly at three possible target locations in one condition or only

at one target location in the other condition. Interestingly, subjects matched their prediction

accuracy to the probability of the target location given a prior sequence.

In this study, we modulated the expected reward following Pascal (1670) in a simple binary

choice task in order to test rational decision making in the context of complex expected

reward functions. Combining these two features, probability of stimulus appearance and

reward of each stimulus, we propose a task, where human subjects can acquire information

about future stimulus locations, similar to Sharma et al. (2003), but also receive varying

rewards for correct predictions. That is, we varied the probability of reward with the

Bayesian probability of target appearance and modulated the associated amount of reward.

The task consisted of two possible target locations, where the target location became either

increasingly predictive or the subjects could not extract any information about the future

target location. The amount of reward at a target location depended on the associated

amount of feedback. The subjects were responsible of predicting the next target location

and received feedback on their prediction accuracy. In Experiment 1, the feedback and

therefore the reward for all target locations was constant. With no difference in the
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associated reward, we hypothesized that subjects allocate their prediction only according to

the predictability of the target location and increasingly perform with the location

probability. In Experiment 2, the subjects could not only acquire the probability of future

target locations, but were also location dependently rewarded for correct prediction. Here

the subjects were hypothesized to distribute their prediction with the associated expected

reward and increasingly perform with larger expected reward.

In order to vary the probability of reward, we used two different sequences of target

appearance. In a random sequence, the target appeared randomly at each of the possible

locations, while in the grouped sequence, the target appeared only at one target location.

No information was provided to which sequence was in effect. In order to vary the amount

of reward, we used different reward functions associated with the target locations.

In order to test rational decision making, we first compared our results to the model by

Sharma et al. (2003) based on Bayesian updating. Secondly we setup a Rescorla Wagner and

a Hidden Markov model, to calculate the probability of target location only from past

stimulation. These models are then tested to account for the performance in the different

presentation sequences and the performance differences between reward conditions.

Furthermore, all models are tested for their likelihood to account for the subject behavior on

a single trial basis. Therefore, the distribution of likelihoods of randomly drawn sequences

from the models is compared to the actual subject performance. Models with a low

likelihood to account for the subject performance are rejected.
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2.2 Experiment 1

In Experiment 1, we set up a task where human subjects can acquire information about

future stimulus locations and receive feedback for correct prediction. In the randomized

sequence, the location of the target varied randomly from trial to trial (Figure 8a), whereas

in the grouped sequence, the target appeared repeatedly at the same location for a

succession of trials (Figure 8b). No cue was provided as to which sequence was in effect.

Figure 8: Prediction task consisting of grouped and randomized trials in the experiment

with 2 targets. (a) Trial sequence shows an example of randomized trials with the target

present at random locations. After each trial subjects predict the next target location. (b)

Sequence of grouped trials, in which the target appears at the same location for a

succession of trials.

In this experiment, a target was presented either at one of two (as in Figure 8) or three

possible locations on a computer screen in grouped or randomized sequences. After each

presentation, subjects were asked to predict where the target would appear next as trials

continued. We expected the subjects to predict the target location increasingly efficient in a

grouped sequence, but not in a random sequence.

We hypothesized that the prediction performance of the subjects followed the probability of

the target location given a prior sequence. The probability of target location was calculated
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as proposed by Sharma et al. (2003) using Bayesian updating and also by a Rescorla Wagner

and a Hidden Markov model.
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2.2.1 Method

Subjects. Fourteen male or female subjects between 19 and 25 years with normal or correct

to normal vision participated in this experiment.

Stimuli. Visual stimuli were white squares on a black screen. Each square was created with a

width and length of 100 pixels. The squares were presented 300 pixels to the left or right of

the center or at the center of the computer screen with a visual angle of approximately 2

degrees. Feedback was provided by means of a 100ms sinusoidal sound of high (0.9 Hz)

frequency.

Apparatus. The experiment was conducted on a PC using the Psychophysics Toolbox

(http://psychtoolbox.org/PTB 2/download.html). The experiment was displayed on a

standard 17� TFT monitor running at a resolution of 1280x1024 pixels.

Design and procedure. Subjects were first randomly selected for the experiment with two or

three targets. In the beginning the subjects were introduced to the experiment by displaying

the squares in a randomized fashion and describing the task of target prediction. In the

following experiment, after a delay of 500ms, the subjects had to predict the future target

location by pressing one of two or three keys (depending on the current experiment) on the

keyboard. Once the subjects indicated their prediction, a square was presented for 500ms,

followed by the feedback and another trial began immediately. Note that the subjects were

not instructed to answer as quickly as possible. The experiment was conducted in three

sessions following the introduction. The subjects were presented 40 blocks of 5 to 10 trials

each as one continuous session. Each block was randomly chosen as random or grouped.

That is the target appeared either randomly at the possible two or three locations of the

computer screen, or grouped on one of the possible locations for all trials in the block. At

this stage the subjects were provided with the feedback sound for correct prediction.
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2.2.2 Results and Discussion

The dependent variable was the average percentage of correct prediction measured

independently for grouped and random sequences. The change in performance is described

by the difference in average correct prediction of random trials compared to grouped trials.

Mean correct prediction in the random condition. For Experiment 1, the average percentages

of correct prediction is given for two and three targets on the left and right respectively in

Figure 9 for seven subjects each. The average percentage is separately given for the first five

trials of random and grouped sequences. In random trials, subjects performed at chance

level. With two possible targets the prediction remained constantly between 47% and 53%

independent of trial number and did not diverge significantly from the average of 50%

(P>0.05). With three possible targets the prediction remained between 31% and 35% with an

average of 33%. The standard error of the mean (SEM) varied between 4% and 6%.

Figure 9: Psychophysical results. (left) Average percentage of correct prediction of two

targets from seven subjects and three sessions each at the first five trials of a random and

grouped sequence. (right) Average percentage of correct prediction of three targets from

seven subjects and three sessions each. Errorbars denote standard error of the mean

(SEM).

Mean correct prediction in the grouped condition. In grouped sequences, subjects increased

their performance monotonically independent of two or three possible targets as displayed

on the left and right of Figure 9 respectively. The performance increased in both cases from

chance level at trial number 1 close to 100% at trial number 5. The standard error of the

mean (SEM) varied between 3% and 5%.
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Change in prediction performance. The prediction performance differed significantly for trial

number 2 to 5 in the random and grouped condition (P < 0.01) with two and three possible

targets.
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2.3Experiment 2
Experiment 2 investigated whether the performance in Experiment 1 changes also with the

value of the target location. We used the detection experiment from Experiment 1 and

introduced an asymmetric payoff to this setup. That is the subjects received more positive

feedback for one target location than for the other.

Figure 10: Value conditions of high and low value target locations. Subjects were

introduced in each session that one of the possible target locations was associated with a

higher value indicated by the amount of feedback sounds. In each trial, the subject then

received two (a) feedback sounds or only one (b) feedback sound (depending on the target

location; see Method) after correct prediction. The feedback was followed by the next

subject prediction.

In this experiment, a target was again presented either at one of two (as in Figure 8) or three

possible locations in grouped or randomized sequences as in Experiment 1, but with an

asymmetric feedback for correct prediction at different target locations (see Figure 10). After

the feedback, subjects had to predict where the target would appear next as trials

continued. We expected the subjects to predict the target location increasingly efficient not

only in a grouped sequence, but also with a higher value associated to the target location.
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We hypothesized that the prediction performance of the subjects followed the expected

value of the target location given a prior sequence. The expected value was calculated based

on the model probabilities as in Experiment 1 and the value of each target location given by

the instruction.
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2.3.1 Method

Subjects. Thirty subjects between 20 and 26 years of male or female gender participated in

this experiment.

Stimuli. Visual stimuli were the same white squares on a black screen as introduced in

Experiment 1. Positive feedback was again provided by means of a 100ms sinusoidal sound

of high (0.9 Hz) frequency.

Apparatus. The experiment was conducted on a PC using the Psychophysics Toolbox

(http://psychtoolbox.org/PTB 2/download.html). The experiment was displayed on a

standard 17� TFT monitor with a Mobility M6 graphics card running at a resolution of

1280x1024 pixels.

Design and procedure. Subjects were again first selected for the experiment with two or

three targets. In the beginning the subjects were introduced to the experiment as in

Experiment 1, but also introducing the asymmetric feedback for correct detection. In the

following experiment, the task was presented as in Experiment 1, but with a higher positive

feedback for one target location. The target location associated with the higher positive

feedback was randomly chosen in each session for each subject. The experiment was

conducted in three sessions of 40 blocks of 5 to 10 trials each. Each block was again chosen

as random or grouped as in Experiment 1. However, the subjects received two feedback

sounds for one target location (see above) played in a row and one feedback sound for the

other target location(s).
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2.3.2 Results and Discussion

As in Experiment 1, the dependent variable was the average percentage of correct

predictions. The change in performance, however, is not only described by the difference in

average correct prediction of random and grouped trials, but also by the difference

depending on the amount of feedback associated with the target location.

Mean correct prediction in the random condition. For Experiment 2, the average percentages

of correct prediction is again given for two and three targets on the left and right of Figure

11 respectively for 15 subjects each. The average percentages are given separately for the

first five trials of the random and grouped sequence and for the high and low value

condition. In random trials, subjects performed independent of trial number, but at different

levels depending on the value of the target location. That is with two and three possible

targets, subjects performed better to predict higher valued targets: with two targets the

prediction accuracy was in average 31% higher (P<0.01) and with three targets in average

26% higher (P<0.01). The standard error of the mean (SEM) varied between 3% and 5%.

These results suggest that subjects behaved similar to the random condition in Experiment

1, but adjusted their strategy to the value associated with the target location.

Figure 11: Psychophysical results. (Left) Average percentage of correct predictions of two

targets from fifteen subjects and three sessions each at the first five trials of a random and

grouped sequence and for high and low valued targets separately. (Right) Average

percentage of correct predictions of three targets from fifteen subjects and three sessions

each. Errorbars denote standard error of the mean (SEM).
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Mean correct prediction in the grouped condition. In grouped sequences, subjects increased

their performance monotonically independent of the number of targets and of the value

condition as shown in Figure 11. In all cases, the performance increased from the average

performance in the associated random condition towards 100% at trial number 5. Again

these results suggest that subjects behaved similar to Experiment 1, but adjusted their

strategy to the value associated with the target location. The standard error of the mean

(SEM) varied between 3% and 6%.

Change in prediction performance. The prediction performance differed significantly for trial

number 2 to 5 in the random and grouped condition (P < 0.01) separately for both value

conditions with two and three possible targets. Furthermore the average results between

the value conditions differed significantly (P < 0.01).
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2.4Models of decision making
Three models are proposed to account for the experimental results in the behavioral

experiments. The first one, using Bayesian updating, calculates a theoretical probability of

the target location in each trial, given full knowledge about the task. The second model,

estimates the parameters of a hidden Markov Model (HMM) assuming either three states or

the true generative model implemented with 30 states to model the underlying process. The

third model, a Rescorla Wagner model, rests on the prediction error as the reinforcement

signal.

Bayesian updating or Bayesian inference is a statistical inference where observations are

used to update the probability that a hypothesis may be true. Therefore, Bayesian updating

uses a prior estimate that the hypothesis may be true and calculates an estimate that the

hypothesis may be true after evidence has been observed. This process is then repeated

when additional evidence is obtained.

A hidden Markov model is a statistical model in which the system being modeled is assumed

to be a Markov process with unknown parameters, and the challenge is to determine the

hidden parameters from the observable parameters in our case the target location. In a

hidden Markov model, the state or in these experiments the presentation sequence is not

directly visible, but the output that is influenced by the current sequence is visible. Each

state has a probability distribution over the possible output/target locations. Therefore, the

sequence of outputs reveals some information about the sequence of states, which can be

used to calculate the hidden parameters of the Markov process.

The Rescorla Wagner model updates the stimulus prediction based on the past learning

history and the instantaneous prediction error that relates current outcome to the previous

learning history.

2.4.1 Model description

Each model calculates the probability of each target location given the prior sequence of

target locations up to the current trial n. The probability can then used as the

prediction of the next target location and tested in its prediction performance.

This setup is chosen to compare theoretical models to Experiment 1, where values are

distributed symmetrically over target locations and can be disregarded. However, in



34

Processing of expected values in human visual cortex

Experiment 2, values are distributed asymmetrically over target locations and have to be

incorporated into the models. Therefore, the same model probabilities are used,

and then corrected for the different value conditions associated to the target locations.
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2.4.1.1 Symmetric values

Bayesian updating model

The first model uses Bayesian inference to account for the experimental results as proposed

by Sharma et al. (2003). Therefore, define the Bayesian probability p(X|Sn 1) as the

probability of state X given a particular history sequence Sn 1 of previously observed stimulus

location (up to trial n 1) within that same block. The state X is either a grouped sequence on

the left (L) or right (R) side, or a random (Z) sequence. Then the posterior is updated after

each trial n with

X
nn

nnn

SXPXsP

SXPXsPSXP

)()(

)()()(

1

1

and the observed stimulus location at trial n. The likelihood of observing

a right or left trial given is given as

ZX

RX

LX

XrightP

,5.0

,1

,0

)|( and
ZX

RX

LX

XleftP

,5.0

,0

,1

)|( .

Given the posterior P(X|Sn 1) after trial n, the next target location is predicted with

for . The posterior p(X|Sn 1) is initialized for the grouped conditions on

the left with p(L|Sn 1) = 0.25 and on the right with p(R|Sn 1) = 0.25, and the random condition

with p(Z|Sn 1) = 0.5.

Hidden Markov model

The second model assumes a Markov process underlying the presentation. First, we

initialized the model with three states. The 3 state model was trained with the Baum Welch

algorithm, which finds the maximum likelihood for the transition and emission parameters.

The algorithm operates in two steps. In the first step, the forward and backward probability

for each HMM state is calculated. In the second step, the frequency of the transmission pair

values is determined on the basis of the first step, and divided by the probability of the
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entire string. The transition and emission parameters can then be used to predict the future

target location, which are compared to the actual states of the paradigm. Following the

definition of the Bayesian updating model, the next target location is predicted with the sum

over all states :

for given the posterior P(X|Sn 1) to be in state X after trial n.

Given the constant repetition r with a minimum of 5 trials at the same target location in the

grouped condition, the optimal transition p to remain in the grouped state can be calculated

as
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with the remaining probabilities to change to the other possible states as shown in Figure

12a.4

Secondly, we considered the true generative model implemented as a Hidden Markov model

with 30 states as shown in Figure 12b. The model considers grouped sequences at the left L

and right R target location as well as random sequences Z, each with up to 10 trials. In a

sequence (L, R and Z) the transition probability is 100% to remain in the same sequence for

the first five trials. 5 out of 6 draws proceed to the 6th trial and 4 out of 5 draws proceed to

the 7th trial in the same sequence and so on. These probabilities are equal for all sequences

(L, R and Z). After a maximum of 10 trials, a new sequence is started with a chance of 50% to

start a random sequence and a 25% chance to start one of the grouped sequences. All other

4 An optimal player in the prediction task should exploit the fact that the best prediction of the next target
location is the one observed in the last trial. This would include a zero probability of transition: e.g. predict left,
when you are in the left state, but never the right location and vice versa. However, the transition between the
two states is observed and therefore accounted with a non zero transition. This leads ultimately to the low
performance of this model.
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transition probabilities to other sequences follow. For example, with a 1 out of 6 probability

to start a new sequence after the fifth trial, the probability is calculated as to start a

group sequence and to start random sequence as shown in the figure.

Figure 12: Hidden Markov models. (a) Model assuming 3 states associated with grouped

sequences on the left L, right R and random Z processes. A theoretical model fit would

predict (see text for details) the shown transitions and emission of left from L, right from R

and randomly left or right from Z. (b) True generative model with 30 states associated with

grouped sequences on the left L, on the right R and random sequences Z. The random

sequence is selected in 50 percent of the times, while the grouped sequences are selected

in 25 percent of the times. Each sequence contains up to 10 trials and the transition

probabilities are equal for all sequences indicated for the left group sequence. The

transition probability is 100% for the first five trials and then decreases to trial number 10

(see text for details). The transition to another sequence is given as the remaining

probability multiplied by the starting probabilities given explicitly for two examples after 5

trials and 10 trials.
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Rescorla Wagner model

The Rescorla Wagner model (Rescorla et al. (1972)) is discussed largely in the classical

conditioning literature and rests on the prediction error as the reinforcement signal and has

been successful in describing behavior (Miller et al. (1995)) and neuronal activity (Schultz et

al. (1997); Schultz et al. (2000)) in the course of learning. The prediction error is calculated as

the difference between the actual xn and the predicted outcome P(xn|Sn 1) at trial t given the

prior sequence Sn 1. This error is adapted for future predictions. That is the Rescorla Wagner

model updates the stimulus prediction as the sum of the previous predictions

and the weighted prediction error

(see Dayan et al. (2001) for details). Thus, the updating of stimulus predictions relies on the

past learning history that accumulates in , the instantaneous prediction error

that relates current outcome to the previous learning history and the

learning parameter , which is fitted to the experimental data.

Interestingly, the Rescorla Wagner model can be rearranged to a moving average model:

The estimate update can then be interpreted as the average of previous predictions and

current target location, weighed with the learning rate .

2.4.1.2 Asymmetric values

When different values are associated to each target location, we propose to multiply the

absolute value of the target location v(xin) with the predicted probability p(xin|Sn 1) and then

to normalize this expected value with the total amount of expected value over all target

locations:

The advantage of this approach is to retrieve an expected value bound to the interval

between 0 and 1, which can be directly used as a prediction probability.
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2.4.2 Results and Discussion

Bayesian updating model

The Bayesian updating model cannot deal with likelihoods P(right|L) = 0 and P(left|R) = 0

adequately. With such a likelihood, the posterior P(X|Sn) becomes immediately zero for that

condition where the target did not appear. Once the target location changed again from left

to right or vice versa, the only remaining non zero posterior P(X|Sn) is given for the random

sequence. For example, given a left stimulus in the last trial, the posterior for the state R

follows as

and vice versa for the posterior of state L given a right stimulus in the last trial

while the posterior for the random state Z remains non zero in both cases with

In order to prevent this attraction, all posteriors have to be reset at the beginning of a

sequence and the Bayesian posterior is shown in Figure 2 for trials 1 through 5 in a random

and grouped sequence. This would however assume that subjects are aware of the current

state, which is supposed to be estimated by the model. In fact, this model equals the model

proposed by Sharma et al. (2003) (see Appendix for review). However, since the subjects are

not provided with the state information, this model can only count as a theoretical

comparison, but cannot account for the subject behavior.
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Hidden markov model

The second model for the subjects� behavior considers a hidden Markov model (HMM)

assuming a Markov process underlying the presentation sequence. Therefore, we setup a

Hidden Markov Model with 3 states and found that the estimated parameters are similar to

the theoretically derived (see methods) above.5 This model can only predict the correct

target location with around 80%, while the subjects increase their prediction rate even

further after the second target presentation as shown on the top right of Figure 13. On the

other hand, the true generative model implemented as a hidden Markov model with 30

states, closely resembles the subjects� performance. Therefore, only the true generative

model is considered further and will be referenced as the HMMmodel.

Figure 13: Hidden Markov results. (top left) Log likelihood distribution of the hidden

Markov (HMM) and Rescorla Wagner (RW) model and the log likelihood that subjects

5 The probability to remain in each state was on average calculated as 0.8022 with a variance of 0.0001327 and
the transition to another state was calculated on average as 0.1978 with a variance with 0.0001543. The
emission was calculated as estimated, however with an emission of 0.4954 to emit left versus 0.5046 to emit
right in the random sequences.
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match each model. (top left) Accuracy results of the different models. The percentage of

correct prediction is plotted for the first five trials of the associated group and random

sequence. The model results are shown for the RW model, the true generative model

implemented as a HMM with 30 states, a simplified and trained HMM with 3 states and

the Bayesian model proposed by Sharma et al. (2003). (bottom left) Difference in the

probability estimate for the left target location between the HMM with 30 states and the

RW model for exemplary trial numbers 100 to 150. (bottom right) Percentage of trials in

the same group sequence at the 5 trials before and after the selected trial. Trials are

selected with a threshold difference between the HMM and RW model prediction. For

example, trials with a large prediction difference of above 0.4 are selected and the

percentage of trials at the same target location is calculated for each of the last and the

next 5 trials.

Since a hidden Markov model assuming 30 states seems to be a reasonable candidate to

predict human behavior, we tested the likelihood of the model given the human prediction.

Therefore, we calculated the log likelihood

as the sum of likelihoods of one side Pi of each trial i or the other target side (1 Pi) multiplied

with a randomly drawn side ni (ni=1 for left, ni=0 for right). The distribution over 100 drawn

sequences is shown on the top left of Figure 13 compared to the likelihood that the model

predicts the sequence of the subjects.6 The figure shows that the HMM has to be rejected as

a prediction of human behavior.7 These results directly follow from the difference of the

HMM to human subjects and the Rescorla Wagner model to estimate state changes (see

Rescorla Wagner model).

Rescorla Wagner model

The model results for the Rescorla Wagner model (RW) are shown for 2 (top row) and 3

targets (bottom row) in Figure 14 respectively compared to the theoretical prediction of the

6 In this case the ni have to be replaced by the actual prediction of the subjects.
7 Since the log likelihood of the model to generate the subject data is smaller than the log likelihood
distribution of the model data.
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Bayesian updating model and the subject results. The Rescorla Wagner model is plotted as

gray line in Figure 2 for trial number 1 through 5. The Rescorla Wagner model was presented

with the same task and the same number of trials as the subjects and was fitted with the

parameter ( = 0.45) to the subject results. The results are shown for symmetric (left

column) versus asymmetric (right column) payoff and group (straight line) versus random

(dotted line) condition.8

Figure 14: Prediction performance and model results for 2 and 3 targets on (top) and

(bottom) respectively. The prediction performances of the Bayesian and RW model are

contrasted to the mean percentage of correct predictions of the subjects in the different

value conditions and sequences. Results are shown for the Bayesian (black) versus the

Rescorla Wagner model (gray), the associated symmetric (left column) versus asymmetric

(right column) payoff and the associated group (straight line) versus random (dotted line)

condition.

8 E.g. the prediction by the moving average model (gray line) in the case of a low valued (circled line) and
random (dotted line) target is drawn as gray circled dotted line.
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The Rescorla Wagner predicts the target location with a simple computation: the model

accumulates the past learning history and updates the prediction with the current prediction

error. The learning parameter controls the influence of the current prediction error in the

prediction update. Hence, if the parameter is high, the current error strongly influences the

prediction update, thus ignoring past experience as the primary influence. On the other

hand, if is low, the prediction update is primarily driven by past learning experience. Thus

the learning parameter can be seen as a time constant controlling the temporal integration

of past experiences and was determined to 0.45 in order to optimally fit the experimental

results. Interestingly this model weighs the last 8 trials with a total percentage of more than

99%.

Prediction in the random condition. The Rescorla Wagner model shows similar results to the

subjects across all tested conditions. In random conditions, the model predicts a steady

performance independent of the trial number. That is for example the percentage of correct

predictions of the Rescorla Wagner model with symmetric payoff remains around chance

level of 50% with two targets and 33% with three targets. However, different value

conditions influence the level of associated expected value. For example, with two targets

the predicted accuracy increases for higher valued target to 66%, but decreases for lower

valued targets to 33% with the normalization introduced above.

Prediction in the grouped condition. In grouped conditions, the Rescorla Wagner model

predicts a monotonic increase in performance from the random level at trial number 1

towards 100% at trial number 5. Considering the different values, the expected value is

shifted upwards for high valued targets and downward for low valued targets. The resulting

expected value in the random conditions is then twice as high for high valued targets as for

low valued targets. In the grouped trials, this leads to a steeper slope of the expected value

of the low valued targets towards 1 than for high valued targets with increasing trial

number.

Difference between the Rescorla Wagner model and the Bayesian updating model.

Differences between the Rescorla Wagner and Bayesian model could result from the finite

number of samples during training or the full knowledge about the trial sequence provided

to the Bayesian updating model. However, the Rescorla Wagner model is only presented

with the same number of samples as the subjects and therefore reflects the realistic way of
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problem solving. This comes at the expense of introducing one parameter to fit experimental

results.

Difference between the Rescorla Wagner model and the hidden Markov model. In fact, the

log likelihood that the Rescorla Wagner model accounts for the subject behavior cannot be

rejected as shown in Figure 13 (top left) opposing to the rejection of the Hidden Markov

model. The figure shows the distribution of log likelihoods of each model and the likelihood

to emit the subject performance (arrow). The Hidden markov model calculates probabilities

in each trial that are unlikely to follow the subject behavior in the total sequence of trials

and is therefore rejected.

The difference between both model predictions is shown on the bottom left of Figure 13 for

100 exemplary subsequent trials. In fact, the predictions differ widely and a close analysis

showed that high differences in the model predictions occur at sequence changes. The figure

on the bottom right of Figure 13 shows the probability to be in the same sequence at the 5

trials before and after a selected trial with a certain min difference between both model

predictions. For example, only analyzing trials with a difference between the two models of

above 0.4, the target location at 5 trials before and after that trial is 100% the same. The

HMM therefore changes its prediction abruptly when a group sequence ends and another

group sequence at the same target location is started. On the other hand, the Rescorla

Wagner model increases its prediction for that target location even further and hence the

large difference between the models. Analyzing lower threshold contributes to this picture.

In this case, the HMM accumulates probabilities for one target location given a sequence of

randomly drawn sequences at one target location. With a state change to another true

group sequence, however, the Rescorla Wagner model is much more efficient in adjusting its

prediction than the hidden Markov model. Since true state changes into the same state

appear only seldom, the difference is only minor looking at average predictions, but leads to

the rejection of the HMM to account for the subject performance at a single trial analysis.
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2.5Discussion
In this study, we modulated the expected value in a binary choice task to test rational

decision making. In fact, human subjects could not only acquire information about future

stimulus locations, but also received varying reward for correct predictions. In Experiment 1,

the prediction performance was modulated with the probability of the target location, while

the prediction performance was modulated also with value of the target location in

Experiment 2. Pascal (1670) proposed that the expected value is calculated given the

probability of reward and the amount of reward. Here we varied not only the probability of

the target location in Experiment 1, but also the amount of feedback connected with the

target location in Experiment 2, which can be used to calculate the expected value

associated to each target location.

In both psychophysical experiments, the mean performance of correct prediction increased

monotonically in group sequences, but remained similar in random sequences. Above that,

the performance diverged for different value conditions in Experiment 2. The mean

performances of correct predictions were compared to the theoretical models, which

calculated the probability of target location given a prior sequence of target presentations

and normalized for each value condition.

Model comparison. Three models were proposed to account for the experimental results: A

model based on Bayesian updating, a hidden Markov model and a Rescorla Wagner model.

The Bayesian updating model was rejected to account for the experimental results due to its

assumptions. The hidden Markov and Rescorla Wagner model showed predictions similar to

the subject behavior in the grouped and random sequences on average9, but only the

Rescorla Wagner model was not rejected in the likelihood analysis to account for the subject

results. Therefore, it seems very unlikely that the subjects derive the true generative model

implemented as a hidden Markov model with 30 states for their prediction and rather follow

a simple Rescorla Wagner model.

Working memory. Subjects improve their prediction performance with the predictability of

the target location. The Rescorla Wagner predicts the target location similarly with the

learning rate . The parameter was fitted to the subjects� performance and determined to

9 Although this does not hold for the hidden Markov model with 3 states, it does for the hidden Markov model
with 30 states, which is only considered further in this thesis and referred to as the HMM.
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0.45 weighing the last 8 trials with a total percentage of more than 99%. Therefore, this

simplistic model suggests that subjects base their prediction mainly on the last 8 trials.

Model fit. The average prediction of the Rescorla Wagner model is contrasted to the

Bayesian updating model proposed by Sharma et al. (2003) and the experimental results in

Figure 14. As predicted by the models, the mean correct prediction of the subjects remains

at one level deviating only 5% (SEM). In the grouped condition, the models predicted a

monotonic increase from chance level towards 100%, which is also shown by the

experimental results and deviates only by 4.4%. The model predicted an elevation of mean

performance for higher valued targets, also found in our experiments. Furthermore, the

performance increased more for low valued targets in the grouped condition than for high

valued targets.

Matching vs. maximization strategy of the subjects. The models proposed here account quite

closely for the experimental results. Indeed these data suggest that subjects are somewhat

matching (Herrnstein (1961)) the probability and expected value of target location than

maximize their reward (see reviews by Myers (1976) and Vulkan (2000)). With symmetric

payoff, a maximization strategy would suggest to predict the most likely target location and

hence base the prediction on the last target location. Such a strategy would increase

performance maximally at the second trial of the grouped condition. However, Neimark et

al. (1959) already showed in a prediction task with fixed probability of reward, that people

are rather matching the probabilities than using a maximization strategy. When we fully

instructed subjects about the possible target conditions, they indeed improved their

performance and achieved 100% prediction accuracy already at the third trial as shown in

Figure 15.
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Figure 15: Prediction results of fully instructed subjects versus the prediction results in the

original experiment with two (left) and three (right) targets. The percentage of correct

predictions is shown for the first five trials of the grouped (solid) and random (dotted)

sequence for fully instructed (gray) and non instructed (black) subjects as in the original

experiment.

These results suggest that subjects rather maximize their reward instead of match the

expected value of the target location, when they are fully instructed and are able to derive a

more optimal strategy. This follows the argument by Shanks et al. (2002) in favor of rational

choice theory that subjects can be convinced of maximization strategies, who report three

factors in order to elicit maximizing strategies: large financial incentives, meaningful and

regular feedback, and extensive training.

In fact, Cross (1973), Roth et al. (1995), Erev et al. (1998), and Bereby Meyer et al. (1998)

proposed with the reinforcement learning model, that only at asymptote the choice

probability approaches maximization. This learning rule is combined with a probabilistic

response rule according to which the probability of choosing, say, left (PL) is a function of its

relative propensity q:

Like the matching law, this model says that the choice probabilities match the ratio of the

accumulated reinforcements, but can approach 1.0 for the maximizing response.
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3 Predictability of reward modulates spatial attention

3.1 Introduction
Much of the past work on visual attention has addressed issues concerning the allocation of

attention to spatially distributed visual information that is presented for brief intervals (e.g.

Treisman et al. (1980); see review by Kinchla (1992)). A major objective of those studies was

to discover the rules that govern how quickly, how accurately, and under what conditions

the focus of attention can be switched to different regions in space.

Psychophysical studies of spatial attention in humans carefully document the improved

processing of a single stimulus when it appears alone at an attended location (Bashinski et

al. (1980); Posner et al. (1980); Downing (1988); Hawkins et al. (1990; Reinitz (1990); Muller

et al. (1991); Luck, Hillyard et al. (1994); Lee et al. (1997); Lu et al. (1998)). Observers are

better at detecting faint stimuli that appear at an attended location (Bashinski et al. (1980);

Handy et al. (1996); Hawkins et al. (1990); Muller et al. (1991)) and can better discriminate

features of the attended stimulus versus an unattended stimulus, such as its orientation

(Downing (1988); Lee et al. (1999)). When human subjects are precued to the likely location

of a visual target, they respond faster when the target appears at the cued location than

when it appears elsewhere (Posner et al. (1978); Posner et al. (1980)). Other studies have

gradually varied attention with the cue validity (e.g. Hawkins et al. (1990); see review by

Kinchla (1992)).

One way is to modulate attention with cue validity. Another way is to modulate attention

with the predictability of reward. Our aim in the two experiments reported here was to

gradually modulate the endogenous orientation of attention with the expected value of

distributed reward in the environment. The expected value is given as the predictability of

the reward and the amount of reward associated with each location. Shifts in attentional

focus were induced by linking one location with a higher expected value than other

locations. Larger expected values should then increase the likelihood that subjects would

focus their attention on one location rather than distribute it across the entire display.

Given a distribution of expected values over the display, according to Pascal (1670) a rational

decision maker would focus his attention to that location with the highest expected value.

That is to maximize his reward given the probability and amount of the reward. We

modulated the probability of the reward by the predictability of the target location and the
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amount of the reward with the feedback associated with the target location. The target

location became either increasingly predictive or the subjects could not extract any

information about the future target location. The amount of reward at a target location

depended on the associated amount of feedback.

The discrimination performance at a target location is a close indicator of attention (Lee et

al. (1999); Downing (1988)). We setup a discrimination task with two possible target

locations, where subjects were responsible of reporting the target status on the vertical

periphery of the central fixation and received negative feedback for incorrect discrimination.

In Experiment 3, the feedback and therefore the value for all target locations was constant.

With no difference in the associated value, we hypothesized that subjects allocate their

attention only according to the predictability of the target location and increasingly

discriminate the target status with the location probability.

In Experiment 4, the subjects could not only acquire the probability of future target

locations, but were also location dependently rewarded for correct detection of the target

status. Here the subjects were hypothesized to distribute their attention with the associated

expected value and increasingly discriminate the target status with larger expected value.
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3.2Experiment 3
In Experiment 3, we tested the modulation of attention in a target detection experiment and

changed the probability of the target location systematically. The target detection

experiment included a Landolt C task on the right side (Figure 16a) or on the left side (Figure

16b) of a central fixation and a mask afterwards.

Figure 16: Discrimination task consisting of left and right trials. Subjects fixate at a central

fixation point throughout the experiment. After a delay of 1 2 sec, the target is presented

on the left (a) or right side (b) for less than 150 ms (depending on subject; see Method).

After the target, a mask is presented for 200 ms with a delay of 50 ms. The trial ends with

a judgement response �right� or �left� for correct or inverse �C� respectively with following

sound feedback.

This experiment consisted of two parts. In the first part, the subjects were tested for

detecting the orientation of the Landolt C for different presentation times using a staircase

procedure in order to determine a discrimination threshold. In the second part of the

experiment, the subjects were tested for detecting the orientation of the Landolt C in

different sequences of left and right trials with the determined presentation time. At this

stage, the target location was either randomly chosen or the targets were presented for a

number of subsequent trials at the same target location.
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We expected the subjects to attribute their attention to each possible target location with

the associated probability of target appearance given a prior sequence. In the randomized

sequence, the location of the target varied randomly from trial to trial and the probability

remained constant. In the grouped sequence, however, the target appeared repeatedly at

the same location for a succession of trials and the probability of target appearance at the

same location increased. No cue was provided as to which sequence was in effect. We

hypothesized increased detection performance of the target during grouped trials compared

to random trials.

3.2.1 Method

Subjects. Twenty subjects between 21 and 25 years of male or female gender participated in

this experiment.

Stimuli. Visual stimuli were variations of the Landolt C displayed on the left or right side of a

central fixation. Each Landolt C was created using three rectangular bars with a width of 4

pixels and a length of 12 pixels forming a square version of the letter �C�. The Landolt C was

created either to open on the right or on the left as correct or inverse C respectively and

displayed 300 pixels to the left or right of the center. After the Landolt C a backward mask of

18x18 pixels was displayed around the Landolt C sparing the pixels of both possible Landolt

C�s. The central fixation consisted of two rectangular crossing bars of 4x20 pixels. Feedback

was provided by means of a 100ms sinusoidal sound of low (0.5 Hz) or high (0.9 Hz)

frequency.

Apparatus. The experiment was conducted on a PC using the Psychophysics Toolbox

(http://psychtoolbox.org/PTB 2/download.html). The experiment was displayed on a

standard 21� CRT monitor running at a resolution of 1280x1024 pixels.

Design and procedure. In the beginning the subjects were introduced to the experiment by

displaying and describing a Landolt C opened to the left or right and the subsequent

backward mask. After a random delay between 1 and 2 seconds, the Landolt C was

presented for an individually determined time below 150ms (see below). After another delay

of 50ms, the backward mask was presented for 200ms. Then the subject had to judge by

pressing one of two keys on the keyboard whether the Landolt C was opened to the left or

right, followed by the sound feedback and another trial began immediately. Note that the

subjects were not instructed to answer as quickly as possible. In the first part of the

experiment, a staircase procedure was used to determine the .70 discrimination threshold.
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Accordingly, one of the two locations was selected randomly in each trial. Then the Landolt C

was presented randomly opened to the left or right with the following backward mask for

the presentation time drawn by the QUEST procedure (Watson et al. (1983); Pelli et al.

(1995)) with a randomization of 1ms, 0ms or 1ms multiplied with the current estimated

standard deviation. The Weibull function was initialized with a discrimination threshold of

120ms, a standard deviation of 80ms and was updated after each trial with the tested

presentation time and the subject�s answer beginning after 60 trials. The second part of the

experiment was conducted in two sessions following the first part of the experiment. In this

part the subjects were presented 40 blocks of 5 to 10 trials each as one continuous session.

Each block was randomly chosen as random or grouped. That is the Landolt C appeared

either randomly as right or left trial, or grouped as left or right trial for all trials in the block,

respectively. At this stage the subjects were provided with feedback for correct or incorrect

discrimination. The feedback sound was randomly attributed to the discrimination

performance in each session.
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3.2.2 Results and Discussion

The dependent variable was the average percentage of correct discrimination measured

independently for grouped and random sequences. The change in performance is described

by the difference in average correct discrimination of random trials compared to grouped

trials.

Mean correct detection in the random condition. For this experiment, the average

percentages of correct responses for the first five trials of the random and grouped

sequence are given separately in Figure 17. In the random trials, subjects performed

constantly around 73% independent of trial number and did not diverge significantly from

the average of 73% (P>0.01). This applied also for the different sessions (see appendix). The

standard error of the mean (SEM) varied around 5%.

Figure 17: Psychophysical results. Average percentage of correct responses from twenty

subjects and two sessions each at the first five trials of the associated random and

grouped sequence. Errorbars denote standard error of the mean (SEM).

Mean correct detection in the grouped condition. The subjects could increase their

performance monotonically from 73% at trial number 1 to 89% at trial number 5, when the

target was presented at the same location for subsequent trials. The standard error of the

mean (SEM) varied around 4%.

Change in discrimination performance. The discrimination performance differed significantly

for trial number 3 to 5 in the random and grouped condition (P < 0.01).
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3.3Experiment 4
Experiment 4 investigated the modulation of attention not only with the probability of the

target location as in Experiment 3, but also with the value associated with the target

location. We used the detection experiment from Experiment 3 and instead of using a

constant feedback for all target locations introduced an asymmetric feedback to this setup.

That is the subjects received more negative feedback for incorrect discrimination at one

target location than for the other.

Figure 18: Value conditions of high and low value target locations. Subjects were

introduced in each session that one of the two possible target locations was associated

with a higher value indicated by the amount of feedback sounds. In each trial, the subject

then received two (a) feedback sounds or only one (b) feedback sound (depending on the

target location; see Method) after incorrect discrimination. The feedback was followed by

the next target presentation.

This experiment consisted of the same two parts as Experiment 3. The subjects were tested

for their detection performance using varying presentation times in a staircase procedure in

the first part of the experiment. In the second part, the subjects were presented blocks of

random or grouped trials as in Experiment 3, but were introduced to an asymmetric

feedback for incorrect detection for different target locations.
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We expected the subjects to attribute their attention to each possible target location not

only with the associated probability of target appearance as in Experiment 3, but also with

the attributed value of the target location. Given the probability and the amount of reward,

according to Pascal (1670), the expected value can be calculated and a rational decision

maker would then focus his attention to that location with the highest expected value. In our

task, we hypothesized increased detection performance of the target with increasing

expected value.



57

Predictability of reward modulates spatial attention

3.3.1 Method

Subjects. Thirty subjects between 20 and 28 years of male or female gender participated in

this experiment.

Stimuli. Visual stimuli were the same variations of the Landolt C masked by the same

backward mask as introduced in Experiment 3. Feedback was provided by means of a 100ms

sinusoidal sound of two low (0.4 and 0.5 Hz) or two high (0.9 and 1.0 Hz) frequency.

Apparatus. The experiment was conducted on a PC using the Psychophysics Toolbox

(http://psychtoolbox.org/PTB 2/download.html). The experiment was displayed on a

standard 21� CRT monitor running at a resolution of 1280x1024 pixels.

Design and procedure. In the beginning the subjects were introduced to the experiment as

in Experiment 3, but also introducing the asymmetric feedback at the two target locations. In

the following experiment, the task was presented as in Experiment 3, but with a higher

associated feedback at one target location. The target location associated with the higher

feedback was randomly chosen for each subject. In the first part of the experiment, again a

staircase procedure was used to determine the .70 detection threshold with symmetric

feedback as in Experiment 3. The second part of the experiment was conducted in three

sessions of 40 blocks with 5 to 10 trials each. Each block was again chosen as random or

grouped as in Experiment 3. However, the subjects received normal feedbacks as in the first

part of the experiment for one target location (see above) and �higher valued� sound

feedbacks for the other target location. The two low and high sound feedbacks were

randomly attributed to the low and high value conditions for each subject.
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3.3.2 Results and Discussion

As in Experiment 3, the average percentage of correct discriminations was measured. The

change in performance, however, is not only described by the difference in average correct

discrimination of random and grouped trials, but also by the difference depending on the

amount of feedback associated with the target location.

Mean correct detection in the random condition. For Experiment 4, the average percentages

of correct responses are given separately for the first five trials of the random and grouped

sequence and for the high and low value condition in Figure 11. In the random trials, the

mean correct detection did not deviate significantly from the averages of 76% (P>0.05) and

84% (P>0.05) for the low and high value condition respectively. In the low value random

condition, the mean correct detection varied between75% and 77%, while in high value

random condition, the mean correct detection varied between 83% and 85%. The standard

error of the mean (SEM) varied between 7% and 8% for all trial numbers and values. These

results suggest that subjects behaved similar to the random condition in Experiment 3, but

adjusted their strategy to the value associated with the target location.

Figure 19: Psychophysical results. Average percentage of correct responses from thirty

subjects and five sessions each in both conditions of associated random and grouped

sequences and for high and low valued targets separately. Errorbars denote standard error

of the mean (SEM).

Mean correct detection in the grouped condition. In the grouped condition, the mean correct

detection increased from 76% to 91% and from 86% to 96% for the low and high value

condition respectively. The subjects therefore adjusted their strategy not only to the group

condition as in Experiment 3, but also to the value associated with the target.
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Change in discrimination performance. The discrimination performance differed significantly

for trial number 3 to 5 in the random and grouped condition (P < 0.05) separately for both

value conditions.
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3.4Mapping decision making models to attention results
In order to compare the decision making models proposed in Chapter 2.4, they are mapped

to the discrimination performance of the subjects with two additional parameters: the

discrimination performance at the attended location and the discrimination performance at

other locations.

For our model we assume that attention is applied to each of the two target locations with

the probability of the target location.10 Once the target is selected, the target is attended

and discrimination performance increased. Monkey electrophysiology showed that if a

monkey shifts spatial attention into the receptive field of a neuron, the responses of visual

neurons is increased (Reynolds et al. (2000), Treue et al. (1999)). Accordingly, human

psychophysical studies showed a contrast gain with spatial attention (e.g. Rezec et al.

(2004)).

The contrast gain is considered to be constant in our model. Reynolds et al. (1999) showed

that the response to an attended and preferred stimulus of a V4 neuron also depends on

other, i.e. non preferred stimuli in the receptive field. Boynton (2005) argues that the

attentional gain depends on the similarity of the preferred stimulus of a MT neuron. These

findings are consistent with the idea that the contrast gain is modulated gradually. However,

in our setup we used single stimuli at two locations at opposite directions of the fixation and

therefore do not consider dependencies between the stimuli. Secondly, our setup includes a

constant discrimination task without changes in the presentation environment, which could

modulate the attentional gain.

The mapping procedure first calculates model probabilities and derives a formal relationship

between model probabilities and discrimination performance. That is the discrimination

performance depends on discrimination performance at the attended location and the

probability to attend the target location. The resulting predicted discrimination performance

is then normalized with values distributed in the task to predict the discrimination

performance with expected values.

10 The binary model assumed here can easily be extended to a model with spatially distributed attention.
However, with only two tested locations these experiments do not provide data on the exact gradient applied
by the subjects and therefore the model considers only two locations.
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3.4.1 Mapping models

3.4.1.1 Mapping model probabilities to subject performance

Consider an example with two target locations and a model of attention, which is not

distributed over the display but only calculated at the two target locations. Then the

discrimination performance depends on three parameters: the probability to focus attention

at the correct target location and the discrimination performance with and without focused

attention. Therefore, let L and R denote the left and right target location and DL and DR

denote the detection of the left and right stimulus respectively. Then the probability of

detecting a left P(DL) and right P(DR) stimulus is given as

where P(L) and P(R) are calculated from the models introduced above.

Assuming equal probability to detect a target at not predicted locations P(DL|R) = P(DR|L) =

y as well as equal probabilities to detect a target at the predicted location P(DL|L) = P(DR|R)

= x, follows

and therefore

The probability to detect a target at the left P(DL) and right P(DR) location depends on the

detection performance on the predicted location y and the difference in detection

performance at the predicted location x and not predicted location y. The parameters x and

y are then estimated with the subject performance P(DL) and P(DR) and the probabilities of

each target location P(L) and P(R) by the different models.
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3.4.1.2 Mapping model expected values to subject performance

With values associated to the target locations, consider an expected value calculated as the

value v multiplied with the probability of the target location: EV(L) = v(L)P(L) for the left

target location and EV(R) = v(R)P(R) for the right target location. Then the probability of

target detection follows as

with the notation above. However, the chosen calculation of the expected value has two

weaknesses: first, the model is not bound to the interval [0 1] any more, and depends

heavily on the absolute amount of value associated to the target location. In order to derive

a relative measure between the target locations and bound the predicted probability of

target detection to [0 1], consider a �normalized� expected value

for the left and accordingly for the right target location. This prediction of

expected value by the models can again be used to estimate the parameters y and x given

the subject performance P(DL) and P(DR).Results and Discussion

Three models were proposed in Chapter 2.4.1 to account for the experimental results in the

decision making task: A model based on Bayesian updating, a hidden Markov model and a

Rescorla Wagner model. In fact, only the Rescorla Wagner model was not rejected to

account for the subject performance. However, the hidden Markov model accounted closely

for the performance of the subjects on average, but was unlikely to predict the subject

behavior on a single trial basis. The Bayesian updating model was rejected due to fact that it

assumes full knowledge about the task.

Here, the Rescorla Wagner and hidden Markov model are tested again to account for the

subject performance in the discrimination task introduced in this section. Therefore, the

target prediction calculated by both models are used for P(L) and P(R) and then the

parameters x and y are fitted to the discrimination performance of the subjects. The result is

the predicted discrimination performance at each trial, which can then be compared to the

actual subject performance on a single trial basis in both the symmetric (Experiment 3) and

asymmetric (Experiment 4) value experiment.
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The predicted discrimination performances are tested assuming that subjects either match

probabilities of the target location or maximize the probability of the target location. To

estimate the parameters of the model in a matching scheme, the probabilities of the models

are used directly. For the maximization scheme, the model probabilities are set to 0 or 1, if

the model probability is lower or higher than 0.5 respectively and therefore assumes either

full attention or no attention at the target location.

Model comparison. We found that matching the model probabilities is highly correlated to

the subject performance as shown in Figure 20 for the symmetric (left column) and

asymmetric (right column) value experiment. The figure plots different model values against

the mean subject performance. That is trials are associated with a subject performance of hit

and fail and a model prediction for each target location. The model predictions are binned to

21 values between 0 and 1 and then the mean subject performance is calculated for each bin

of model predictions. Maximization models on the other hand, only predict two values for

model probabilities below and above 0.5 respectively and therefore calculate the mean of

the subject performances in two intervals of model predictions.

Figure 20: Parameter estimate for attention experiments and model comparisons between

RW and HMM model. For different values of model predictions (x achsis) the mean

performance of the subject is plotted (y achsis) in both Experiments. The different model

predictions consider the RW and HMM model each for a matching and a maximization

strategy. The table shows the regression parameters x and y for all models.
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Interestingly, the parameter estimates of the RW and HMM models differ in both

Experiments (presented in the top row of Figure 20). This results from the fact that both

models rely on different assumptions, for example the behavior at state changes from one

grouped state to another. The HMM probability estimates a low probability, while the RW

remains at a high probability prediction for the same side (see Chapter 2).

Prediction of the Rescorla Wagner model. In the first row of Figure 20, results are averaged

over left and right trials and therefore assumed that the detection performance of a left

stimulus is the same as for a right stimulus. To verify the assumption, the left of Figure 21

compares the predictions of the Rescorla Wagner to the subject performance separately for

left and right trials. In fact, values for x and y are not significantly different.

Figure 21: Details of the parameter estimate for the Rescorla Wagner model. (Left) The

regression is fitted for left and right separately in Experiment 3. (Right) The regression is

fitted to not normalized expected value in Experiment 4.

Normalized vs. not normalized expected value. With asymmetric values associated to the

target locations, the expected value is contrasted to the subject performance on the right of

Figure 20. With a normalized expected value, the parameters x and y are similarly estimated

as with symmetric values, but with a slightly elevated estimate for the overall detection

performance.11 Without the normalization (shown on the right of Figure 21), the model

estimates different x and y for each value condition. Indeed the regression parameters differ

significantly for the low and high value target location. Therefore, such a model only

increases the number of parameters compared to the model presented in Figure 20 and is

not considered further.

11 This elevation is also apparent in the performance data per se, since subjects showed in average a higher
detection performance in the expected value experiment of about 3% estimated by the staircase procedure
(see experimental methods).
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Rescorla Wagner vs. Hidden Markov model. Both models highly correlate to the subject

performance considering the linear regression Figure 20. Therefore, we calculated the log

likelihood distribution of each model and the log likelihood to produce the actual subject

data shown on top of Figure 22. Indeed only matching the probability of the Rescorla

Wagner model, the subject performance is predicted with a log likelihood > 0.05. The HMM

and also both models based on the maximization approach are rejected (p<0.01).

Figure 22: Log likelihood that the subject data can be produced using the different models

from a single trial analysis. (Top row) The Rescorla Wagner model and the Hidden Markov

model were tested using the model predictions in the symmetric (left; Experiment 3) and

asymmetric (right; Experiment 4) condition and considering a matching as well as a

maximization strategy. Values for x and y are taken from the regression in Figure 20. The

log likelihood for each model is calculated from 100 randomly drawn sequences given the

model probabilities and accumulated to bins with the shown occurrences. The log

likelihood to produce the subject performance is indicated by the arrow for each of the

different models. Note that the subject performance on the left is less likely to be
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produced by the model, but on the distribution or on the right of the distribution is more

likely to be produced by the model. (Bottom row) Different values for the regression

parameters x and y are tested to account for the subject results using the Rescorla Wagner

model. The accumulated likelihood is shown as gray values for each combination of the

regression parameters.

The values of x and y for each model are taken from the regression in the top row of Figure

20. We also tested other values of target discrimination directly to account for the subject

performance given the probability or the expected value of target location predicted by the

Rescorla Wagner model. The log likelihood to account for the subject performance for

different values of x and y is shown on the bottom of Figure 22. In fact, only with the

parameters of x = 0.9 and y = 0.6, the subject performance is likely to be produced by the

RW model with a likelihood of 0.3.
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3.5Discussion
In this study, we modulated the expected value in a discrimination task as a close indicator

of attributed attention. In Experiment 3, the discrimination performance was modulated

with the probability of the target location, while discrimination performance was modulated

also with the value of the target location in Experiment 4. In both psychophysical

experiments, the mean performance of correct detection increased monotonically in group

sequences, but remained similar in random sequences. Above that, the performance

diverged for different value conditions in Experiment 4. We conclude that the predictability

of the stimulus and the expected reward both modulate performance in a visual

discrimination task.

Shift in performance between both experiments. The discrimination performance in random

sequences of Experiment 4 should be distributed around the results in Experiment 3.

However, in Experiment 3 the correct detection in the random sequence remained around

75%, while in Experiment 4 the low valued targets were discriminated correctly in around

76%, high valued targets in around 84% of the times. Indeed, in our results also the

maximum discrimination performance is elevated to maximally 98% with the asymmetric

payoff after 5 trials, while the maximum discrimination performance reaches a maximum of

89% at trial number 5 with symmetric payoff.12 The maximal difference in the symmetric

case is therefore 14% and the difference between random and group condition in the

asymmetric case is in average over value conditions 15%. The elevated discrimination

performance might therefore rather lie in the variation of the mean estimated threshold

from the staircase procedure used for calibration of the later experiment. The threshold was

estimated in average to 71% for the group of subjects participating in the symmetric

condition, but to 75% for the group of subjects participating in the asymmetric condition. In

general, subjects performed better in the later experiment, than estimated by the staircase

procedure.

Expected value modulations of attention. Pascal (1670) proposed that the expected value is

calculated given the probability of reward and the amount of reward. Here we varied not

12 The maximum performance is even higher for longer grouped sequences (e.g. resulting from two group
sequences presented at the same target location in a row in 25% of the times, see methods). The maximum
performance at trial number 10 in these grouped sequences increased to 90% in the symmetric value condition
(derived from 118 appeared sequences) and to 99% in the asymmetric value condition (derived from 145
sequences)
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only the probability of the target location in Experiment 3, but also the amount of negative

feedback connected with the target location in Experiment 4, which can be used to calculate

the expected value associated to each target location. The discrimination performance at a

target location is a close indicator of attention (Lee et al. (1999); Downing (1988)). In our

experiments, subjects attended the target location not only depending on the probability of

the target location as in Experiment 3, but also depending on the value associated with the

target location. With the discrimination performance as a close indicator of the endogenous

orientation of attention, our results indicate an expected value modulation of attention in

Experiment 4.

Model fit. The mean performances of correct predictions of the subjects were compared to

the theoretical models, which predicted the discrimination performance given the

probability of the target location and two additional parameters: the discrimination

performance at the attended location x and the discrimination performance at other

locations y. The resulting predicted discrimination performance was then normalized with

the values distributed in the task to predict the discrimination performance with expected

values. In both experiments, the parameters the parameters were estimated for x around

0.6 and y around 0.9. Therefore, we estimated that targets were in average discriminated in

90 percent of the times at the attended location and only in 60 percent of the times, when

the target was not attended.

Two models were tested to account for the experimental results: a hidden Markov model

implemented the true generative model and a Rescorla Wagner model. In fact, only the

Rescorla Wagner model was not rejected to account for the subject performance. The

hidden Markov model accounted closely for the performance of the subjects on average, but

was unlikely to predict the subject behavior on a single trial basis. We conclude that the true

generative model implemented as a hidden Markov model cannot account for the subjects�

behavior, which is however well explained by the short term average over stimulus

appearances implemented as a Rescorla Wagner model.

Sharma et al. (2003) proposed a model based on Bayesian updating, which however only

calculated a theoretical performance in a similar decision task. The Bayesian updating model

introduced in Chapter 2.4 considered the probability as well as the expected value of each

target location. For comparison, these values are contrasted to the experimental results in
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Figure 23 by fitting the model with the mapping parameters estimated by the Rescorla

Wagner model. The average deviation of the Bayesian model from the experimental results

is 3.5%. In fact, with the same fitting method and only a single parameter (see above) the

Rescorla Wagner model also predicts the experimental results with a similar mean deviation

of 3.4% as the Bayesian model.

Figure 23: Model fit with parameter x and y derived in Chapter 3.4. The model results of

the Bayesian model, the Rescorla Wagner model and the HMM are contrasted to the

mean percentage of correct responses of the subjects for Experiment 3 on the (left) and for

Experiment 4 on the (right) at the first five trials of a grouped or random sequence.

With symmetric payoff, the mean correct prediction of the subjects remains at one level

deviating only 3% (SEM) as predicted by the models. In the grouped condition, the models

predicted a monotonic increase with decreasing increments, which is also shown by the

experimental results. With asymmetric payoff, the normalization setup of the model

probabilities predicted an elevation of mean performance for higher valued targets, also

found in our experiments. Furthermore, the performance increased more for low valued

targets in the grouped condition than for high valued targets.

Basic model properties like the monotonic increase in performance in the group sequences

and the general shift in performance between the value conditions, account quite closely for

the experimental results. Indeed, these data suggest that subjects are rather matching

(Herrnstein (1961)) the probability and expected value of a target location calculated by the

models than maximize their reward. With symmetric payoff, a maximization strategy would

suggest to focus the attention at the most likely target location and hence increase

0 5
0.76

0.78

0.8

0.82

0.84

0.86

0.88

1 2 3 4 5
0.5

0.6

0.7

0.8

0.9

1

Trial number

Experiment 3

1 2 3 4 5
0.5

0.6

0.7

0.8

0.9

1

Trial number

Experiment 4

Subjects

Bayesian model
RW model

HMM model

ass. grouped

ass. random
ass. high value

ass. low value



70

Processing of expected values in human visual cortex

performance maximally at the second trial of the grouped condition. However, Neimark et

al. (1959) already showed in a prediction task with fixed probability of reward, that people

are rather matching the probabilities than using a maximization strategy. In fact, we

calculated the likelihood of the models to predict the subject performance in a maximization

scheme as unlikely.
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4 Predictability of reward modulates early visual ERP components13

4.1 Introduction
In Chapter 3 attention was modulated with the expected value of the target locations.

Models for human decision making in Chapter 2 suggest that behavior is based on past

stimulation. In fact it is is likely that subjects implemented a Rescorla Wagner model and

modulated their attention with the calculated probability of target location as shown in

Chapter 3.4.2. If experience of prior stimulation plays such a role during decision making,

how is then the brain modified at a mechanistic level? And which areas of the adult cortex

indeed contribute to this process?

The approach in this section is to measure the event related potential (ERP) during the

discrimination task introduced in Chapter 3 and compare ERP modulations to the decision

making models proposed in Chapter 2. The discrimination performance at a target location is

a close indicator of attention (Lee et al. (1999); Downing (1988)) and attention again is a

prime candidate to modulate cell responses in early sensory cortex, e.g. measured by ERP

modulations.

Attention seems to influence almost the entire visual cortex (Treue (2003)). When attention

is focused on a spatial location, electromagnetic recordings have shown that attended

location stimuli elicit larger sensory evoked responses than stimuli presented at unattended

locations from around 80�300 ms after stimulus onset (e.g. Eason et al. (1969); Harter et al.

(1991); Luck et al. (1993); Mangun et al. (1988, (1991); Hillyard et al. (1998; Rugg et al.

(1987); Luck et al. (2000)). Since these ERP modulations typically begin within 80 ms of

stimulus onset, they have been taken as strong evidence for the proposal that attention

operates at an early stage to improve sensory processing (e.g. Mangun et al. (1993)).

Specifically, the selection of spatial locations leads to an enhancement of the P1 component

(80�100 ms) and the N1 component (130�200 ms) (Hillyard et al. (1984); Mangun (1995)).

Furthermore, modulations of the P1 and N1 components were found to reflect different

aspects of attentional selection, with the initial P1 modulation reflecting location selection in

particular, and the subsequent N1 modulation reflecting stimulus discrimination within the

focus of attention (Mangun et al. (1991); Vogel et al. (2000); Hopf et al. (2002)).

13 Paper title: Interaction between expectation and reward in the human visual system
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Our aim in the two experiments reported here was to gradually modulate early ERP

components with the expected value of distributed reward in the environment. Therefore,

we used the paradigm proposed in Chapter 3 and measured early ERP responses. The

paradigm is derived from the setup developed by Sharma et al. (2003) to examine the

electrophysiological correlates of decision making in visual cortex V1. These experiments did

not examine the role of spatial attention, but instead used foveal stimuli and manipulated

the likelihood of the next target location. In the setup by Sharma et al. (2003), the monkeys

moved their eyes freely between trials before fixating the next stimulus location. After the

monkeys made a saccade to the fixation spot, they held fixation, only after which the

stimulus appeared centered around the fixation spot. However, the monkeys might

distribute overt attention over the display, which could modulate neural responses.

In order to control overt attention in our experiment, we devised a discrimination task at

two possible target locations and kept the fixation constant. The paradigm was introduced in

Chapter 3 and analyzed for the discrimination performance of the subject. In this section, the

associated ERP measurements during the same experiment are presented and discussed.

We also analyzed whether the prestimulus trial to trial fluctuations or frequency specific ERP

responses are related to behavioral discrimination performances. Predictive effects of fMRI

activity was found in visual cortex (Ress et al. (2000)) and parietal MEG power in the low

frequency (alpha and beta) range (Linkenkaer Hansen et al. (2004)). Linkenkaer Hansen et al.

(2004) found that the largest amplitude prestimulus 10 Hz oscillations over the parietal

cortex led to the best detection performances, which is strongly discussed with attention

(von Stein et al. (2000); Fanselow et al. (2001); Mima et al. (2001); Yamagishi et al. (2003)).
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4.2Experiment 5
In Experiment 5, we setup a target detection experiment and changed the target location

systematically (see Chapter 3). We found that it is likely that subjects discriminated the

target closely related to the probability of the target location as predicted by the decision

making models in Chapter 2.4. With the discrimination performance at the target location

being a close indicator of attention, we concluded that the subjects modulated their

attention at a target location with the probability of the target location.

Since attention modulates cell responses in early visual cortex effectively, we also expected

early visual ERP responses to change related to the discrimination performance. For the EEG

measurement we therefore hypothesized increased ERP response for early components

during grouped trials compared to random trials.

4.2.1 Methods

The same twenty subjects as in Chapter 3 were also measured using EEG with the same

stimuli, apparatus, design and procedure.

Recording and Analysis. The EEG was recorded from 64 electrodes mounted in an elastic

cap, located at standard left and right hemisphere positions over frontal, central, parietal,

occipital, and temporal areas. These sites were referenced to the right mastoid during the

recording session and then were re referenced offline to the algebraic average of the left

and right mastoids. The horizontal electrooculogram (HEOG) was recorded as the voltage

between electrodes placed 1 cm to the left and right of the external canthi to measure eye

movements, and the vertical EOG (VEOG) was recorded from an electrode beneath the left

eye, referenced to the right mastoid, to detect blinks. Trials containing these artifacts were

excluded from the averaged ERP waveforms. EEG and EOG were amplified with a bandpass

of 0.16 128 Hz by BioSemi Active One amplifiers, digitized at 512 Hz by a PC compatible

computer, and averaged off line. The ERP waveforms were time locked to the onset of the

stimulus, using the average voltage during the 200 ms before stimulus onset as a baseline.

The amplitude of the C1, P1, N1 and N2 components of the visual ERP were measured as the

mean voltage within 90 110ms, 150 170ms, 190 210ms and 240 260ms time windows,

respectively.
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4.2.2 Results and diskussion

4.2.2.1 ERPWaveforms

Figure 24 and Figure 25 display grand average ERP waveforms recorded at different sites in

response to random and grouped stimuli respectively appearing at the first, third and fifth

trial. Therefore, waveforms for left and right stimuli were averaged (see Appendix for

details) and included a C1, P1, N1 and N2 wave that peaked around 100ms, 160ms, 200ms

and 280ms respectively.14

Mean ERP amplitude in the random condition. Independent of the trial number, stimuli in

random sequences elicited similar grand average ERP waveforms as shown for trial number

1, 3 and 5 on the bottom of Figure 24 for different electrodes.15 Electrode sites for further

analysis analyze were selected around the peak of the C1, P1, N1 and N2 wave and are

similar to the results of Martinez et al. (1999). However, Martinez et al. (1999) compared

ERP amplitudes between unattended and attended stimuli. In our study, grand average ERPs

in the random condition presented in Figure 24 compares stimuli, which were attended in

around 50 percent of the times. Therefore, ERPs are modulated strongly even in the random

condition. On the other hand, different subjects showed different latencies in their peak

responses, which lead to generally lower grand average ERP modulations than in single

subjects (see Appendix).

14 We did not analyze explicitly for other components, for example the N2pc component (Luck & Hillyard
(1994a); Luck & Hillyard (1994b)). This component is rather discussed with attention in visual search task, which
is not included in our task.
15 For presentation purpose, ERP waveforms were low pass filtered up to 50Hz in this and all subsequent
graphs.
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Figure 24: Grand average ERP responses elicited by random trials. (Top) Topographic

response of left and right trials for different components. Arrows point to channels

analyzed further on the (Bottom). Mean ERP waveforms of left and right stimuli over

indicated electrode sites (at the top) are presented separately for trial number 1, 3 and 5

and C1, P1, N1 and N2 component. Note that negative is plotted upwards.

Mean ERP amplitude in the grouped condition. Exemplary grand average ERP waveforms of

group trial number 1, 3 and 5 are shown on the bottom of Figure 25. Mean modulation of

the C1 and P1 wave remains similar for the presented trials, while the ERP amplitude

increases for the N1 and N2 component
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Figure 25: Grand average ERP responses elicited by grouped trials. (Top) Topographic

response of left and right trials for different components. Arrows point to channels

analyzed further on the (Bottom). Mean ERP waveforms of left and right stimuli over

indicated electrode sites (at the top) are presented separately for trial number 1, 3 and 5

and C1, P1, N1 and N2 component. Note that negative is plotted upwards.

Random grouped sequences. If an increasing trial number in the grouped condition increases

the amplitude of the N1 component, then this should also hold in random trials, which are

presented at the same target location subsequently. Figure 26 displays grand average ERP

waveforms recorded at central occipital sites in response to random trials presented

subsequently at the same target location (Equal random trial) and at different target location

(Different random trial). In fact, we found a significant increase (p < 0.05) in the N1 and N2

component for random grouped sequences.
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Figure 26: Grand average ERP responses elicited by random trials presented subsequently

at the same target location (Equal random trial) and at different target location (Different

random trial) recorded at electrode site as indicated on the top of Figure 24 and Figure 25.

Note that negative is plotted upwards.

Habituation. Habituation might explain the increasing N1 amplitude in the grouped

condition. Figure 27 shows results of two control experiments testing for habituation effects

in our setup. The control experiment considered an equal presentation sequence of the

Landolt C and subsequent mask as in the original experiment, but with a task focusing at the

central fixation. That is, the fixation cross changed between three gray values and the

subject had to respond to the onset of the change by button press. The onset latency was

random to the presentation of the Landolt C and the presentation of a feedback sound

(randomly drawn as low or high sound as described above). The grand average ERP

waveforms recorded at occipital sites O1/2 in response to random and grouped stimuli are

presented in Figure 27.16 That is the ERP for left and right stimuli were again averaged over

contralateral electrodes as in the original experiment. Figure 27 shows the average of the O2

electrode for left stimuli and O1 electrode for right stimuli, which showed a high modulation

in the original experiment.

The first control experiment considered the same stimulus size as in the original experiment.

Interestingly, the visual evoked potential presented on the left of Figure 27 remains minimal

16 Due to the smaller number of subjects and therefore lower signal to noise ratio in the control experiment
compared to the original experiment, we average across all random and grouped sequences instead of testing
for each single number of a random or grouped sequence. The occipital electrodes O1/2 were chosen because
they showed large ERP waveforms in the original experiment.
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after the onset of the Landolt C and does not show any difference between random and

grouped condition or trial number.

Figure 27: Control experiment. Grand average ERP responses elicited by random and

grouped trials averaged over recordings at the occipital sites O1/2 electrode site for right

and left stimuli respectively. The waveforms of each condition are averaged over trial

number 1 through 5. Note that negative is plotted upwards.

In fact, the experiment was designed to minimize exogenous effects by using small stimuli

and therefore the stimuli did not elicit large responses if not attended as in the control

experiment. Hence in the control experiment with the same stimulus size as in the original

experiment, only week modulations of the ERP were found.

Since the overall ERP modulation was small in the first control experiment, we used enlarged

stimuli in a second control experiment, which increased the ERP response as shown on the

right of Figure 27. Here the stimulus was presented five times larger at the same target

location. However, we still could not find a significant difference between random and group

amplitudes. We conclude that habituation does not explain the increasing N1 and N2

amplitude.

4.2.2.2 Topographic responses

Topographic responses averaged 10ms around the peak latencies of the C1, P1, N1 and N2

component are displayed on the top of Figure 24 and Figure 25 for grouped and random

trials respectively. Interestingly, topographic responses are closely inverted for left and right

trials. That is high and low ERP amplitudes on the left hemisphere for left trials are closely

resembled on the right hemisphere for right trials. For further analysis, electrodes with high
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amplitudes are chosen as proposed by Martinez et al. (1999) and indicated by arrows.

Therefore, electrodes ipsilateral to the stimulus are chosen to analyze the C1 wave, while

contralateral electrodes are chosen for the P1, N1 and N2 wave. For example, the P3

electrode for left trials was averaged with the P4 electrode for right trials to analyze the C1

wave.

For a closer analysis of the topographic effect, we calculated the correlation of amplitude

modulation and the behavioral discrimination data presented in Chapter 3. That is the

amplitude of every electrode is calculated for time bins of 20 ms and each trial number of

random and grouped condition. These amplitudes are then correlated to the performances

of the subjects in the different conditions.

The correlation between the modulation of the ERP amplitude and the subject performance

is presented in Figure 28 for left and right trials. The figure plots the amount of correlation as

grey value for each of the 64 electrodes over time. Up to 200 ms after the stimulus

appeared, amplitude modulations only show little correlation with the subject performance.

After that various electrodes show a modulation closely connected to the subject

performance. That is parietal and occipital sites are more negatively covaried ( 0.23 on

average over electrode sites and between 200 ms to 600 ms), while central and frontal sites

are rather positively covaried (+0.25 on average) with the subject performance. However,

we found generally higher variance in central and frontal electrode sites (0.013 on average

over electrode sites and between 200 ms and 600 ms) than at parietal and occipital sites

(0.0075 on average), which could also explain some of the found correlations. That is, the

noise fluctuation aligned randomly closely correlated to the subject performance.

Interestingly, contralateral sites generally have a higher correlation than ipsilateral sites. For

example the average absolute correlation for left trials on the right hemisphere (bottom half

of the correlation matrix) is 0.14 and therefore higher than the average absolute correlation

of 0.04 on the left hemisphere. The contrary holds for right trials, where the left hemisphere

is correlated on average with 0.15 versus 0.03 of the right hemisphere. From this follows

that the information like the probability of a stimulus is primarily processed at the

contralateral site to the stimulus similarly to the processing of the stimulus itself given the

central visual pathway (see introduction). This also reflects that the findings by Martinez et

al. (1999), who find attentional modulations also primarily on the contralateral site of the
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stimulus, even though they only report few electrodes and did not calculate the modulation

over all electrode sites. However, this effect is small, especially for left trials and suffers from

a low signal to noise ratio.

Figure 28: Correlation analysis. The correlation between the amplitude modulation and

behavioral performance is shown for left and right trials separately. The amplitude of

every electrode is calculated for time bins of 20 ms between 200 ms and 600 ms around

the stimulus presentation. Electrode sites are labeled with anterofrontal (AF), frontal (F),

frontal central (FC), central (C), central parietal (CP), parietal (P), parietal occipital (PO),

occipital (O) and parietal central (Pz). Amplitude modulations of the different components

C1, P1, N1 and N2 further analyzed are marked.

4.2.2.3 Amplitude analysis

The dependent variable was the average amplitude measured independently for grouped

and random sequences for C1, P1, N1 and N2 components. The change in amplitude is

described by the difference in average amplitude of random trials compared to grouped

trials.

Mean amplitude in the random condition. The average amplitude for the first five trials of

the random and grouped sequence is given separately in Figure 29. In the random trials, the

average amplitudes remained around one level independent of trial number and for all

components. The standard error of the mean (SEM) varied between components. That is for

later components the SEM was higher than for earlier components. The SEM varied around

0.05 µV for the C1 modulation and around 0.25 µV for the N2 modulation.
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Figure 29: Amplitude modulation results. Average ERP amplitudes of electrodes labeled at

the bottom of Figure 28 from twenty subjects elicited in the random and grouped

condition at the first five trials of a block. Errorbars denote standard error of the mean

(SEM). Note that negative is plotted upwards.

Mean amplitude in the grouped condition. The average amplitude remained at one level for

the C1 and P1 component, but decreased monotonically for the N1 and N2 components

from trial number 1 to trial number 5, when the target was presented at the same location

for subsequent trials (Note that negative is plotted upwards). However, this mean result

does not hold for single subjects (see appendix). This resulted in a significant interaction

effects for the N1 and N2 component of condition and trial number (p<0.05). The standard

error of the mean (SEM) varied around 0.10 µV.

Other studies found both an enhancement in the P1 component and N1 component with

attention (e.g. Hillyard et al. (1984); Mangun (1995)). In our experiment only the N1

component was modulated between conditions as shown in Figure 29. Hopf et al. (2002)
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summarized that the modulation of the P1 and N1 component reflect different aspects of

attentional selection. That is the initial P1 modulation reflects location selection in particular,

while the subsequent N1 modulation reflects the stimulus discrimination within the focus of

attention. Our task included a stimulus discrimination task and we therefore expected a

modulation in the N1 component.

On the other hand, we did not expect to modulate the P1 component in our task. Hopf et al.

(2002) argued that the P1 component reflects a location selection process of attention.

However, in our task the number of possible locations was constant. Therefore, the task was

always to select between two target locations independent of the measured condition.

In Experiment 3 and 5 we found both an enhancement of discrimination performance and an

increase of the N1 amplitude with the trial number of the grouped condition. If a surface

EEG reads the summation of the synchronous activity of neurons, how could an increase in

ERP amplitude explain increased discrimination performance?

Physiological correlates of attention in visual cortex include foremost an increase in the

stimulus driven neuronal activity compared with control trials. Effects of attention on the

direction of tuning curves of neurons were found approximately multiplicative (Treue et al.

(1999); McAdams et al. (1999)).

On the other hand, Seung et al. (1993) investigated the relationship between the Fisher

information and the discrimination performance. They found that the discrimination ability

of a linear perceptron generally increases and decreases with the Fisher information. The

Fisher information can be increased by an increase in the slope of the tuning functions and

by a decrease in the activities for these stimuli (see Schwabe et al. (2005)). Multiple

strategies exist to adjust their values. For example, to increase the discrimination

performance tuning functions are multiplicatively modulated. In this model and given a

constant noise process, an increase in discrimination performance could therefore be

followed from a multiplicative modulation of the tuning functions of the neurons.
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4.3Experiment 6
In Experiment 6, we used the same target detection experiment as in Experiment 5, but also

varied the associated value to the target location. That is we introduced an asymmetric

feedback to the target locations. In the discrimination performance presented in Chapter

3.3.2, we found that subjects likely discriminate the target closely related to the expected

value of the target location. As in Experiment 5, we concluded that the subjects modulated

their attention with the probability of the target location.

Attention modulated neural responses in early visual cortex effectively in Experiment 5, and

we therefore expected early visual ERP response to be modulated also to the expected value

of the target location. For the EEG measurement we therefore hypothesized increased ERP

responses for early components with increasing expected value.

4.3.1 Methods

The same thirty subjects as in Experiment 4 of Chapter 3.3 were also measured using EEG

with the same stimuli, apparatus, design and procedure.

Recording and Analysis. The EEG was recorded and analyzed as in Experiment 5.
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4.3.2 Results and discussion

4.3.2.1 ERPWaveforms

Figure 30, Figure 31 and Figure 32 display grand average ERP waveforms recorded at

different sites in response to random, grouped and different valued stimuli respectively.

Therefore, as in Experiment 5 contralateral pairs are selected for left and right trials and

averaged over time (see Appendix for details). These waveforms included a C1, P1, N1 and

N2 wave that peaked around 100ms, 160ms, 200ms and 280ms respectively.

Mean ERP amplitude in the random condition. Figure 30 displays on the bottom grand

average ERP waveforms in response to random stimuli appearing at the first, third or fifth

trial. The ERP waveforms are particular similar for the different trials at the C1, P1 N1 and N2

wave that peak around the indicated arrow at different electrode sites. Electrode sites were

chosen according to Experiment 5.

Figure 30: Grand average ERP responses elicited by random trials. (Top) Topographic

response of left and right trials for different components. Arrows point to channels

analyzed further on the (Bottom). Mean ERP waveforms of left and right stimuli over
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indicated electrode sites (at the top) are presented separately for trial number 1, 3 and 5

and C1, P1, N1 and N2 component. Note that negative is plotted upwards.

Mean ERP amplitude in the grouped condition. Exemplary grand average ERP waveforms of

group trial number 1, 3 and 5 are shown on the bottom of Figure 31. ERP waveforms remain

similar for the C1 and P1 wave, while the ERP amplitude increases for the N1 and N2

component with the trial number. Interestingly, the ERP wave of the first trial in the group

condition closely resembles ERP waveforms in the random condition.

Figure 31: Grand average ERP responses elicited by grouped trials. (Top) Topographic

response of left and right trials for different components. Arrows point to channels

analyzed further on the (Bottom). Mean ERP waveforms of left and right stimuli over

indicated electrode sites (at the top) are presented separately for trial number 1, 3 and 5

and C1, P1, N1 and N2 component. Note that negative is plotted upwards.

Difference in the value condition. Figure 32 displays on the bottom grand average ERP

waveforms in response to high and low value stimuli. Interestingly, the N1 and N2 amplitude

increased for high valued targets compared to low valued targets, while the C1 and P1 wave
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remained constant. The amplitude modulation at the different components between the

two value conditions is therefore similar to the modulation found with grouped stimuli.

Figure 32: Grand average ERP responses elicited by low and high valued targets. (Top)

Topographic response of left and right trials for different components. Arrows point to

channels analyzed further on the (Bottom). Mean ERP waveforms of left and right stimuli

over indicated electrode sites (at the top) are presented separately for trial number 1, 3

and 5 and C1, P1, N1 and N2 component. Note that negative is plotted upwards.

4.3.2.2 Topograhic responses

Topographic responses average 10ms around the peak latencies of the C1, P1, N1 and N2

component are displayed on the top of Figure 30, Figure 31 and Figure 32 for grouped,

random and different valued stimuli. The main ERP modulation of the different components

is found at the similar electrodes as in Experiment 5. Interestingly, topographic responses

are closely inverted for left and right trials in all conditions. Electrodes chosen for further

analysis are indicated by arrows and resemble chosen electrodes in Experiment 5.

Different processing of the grouped and value dimension could result in different

topographic patterns of ERP responses. Figure 33 compares the topographic effect of the
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value and group effect for different components. The value effect considers the amplitude

difference between high and low valued targets. The group effect calculates the amplitude

difference between group trial number 5 and 1. However, we only found minor differences

between the topographic responses of increased attention by grouped and value effect with

a maximum difference of 0.1 µV.

Figure 33: Comparison results. Topographic response differences between group and

value effect. Increasing group sequences and higher valued targets increased ERP

responses. The topographic difference between these two effects (Group trial number 5

versus group trial number 1 and high value versus low value condition) is shown as gray

value at each electrode site.

For a closer analysis of the topographic effect, Figure 34 shows the correlation of amplitude

modulation and behavioral results in the different conditions as in Experiment 5. The

conditions include five random trials and five grouped trials for the high and low value

condition. This totals to 20 different amplitude value for each condition.
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Figure 34: Correlation analysis. The correlation between the amplitude modulation and

behavioral performance is shown for left and right trials separately as in Figure 28. The

amplitude modulation is however calculated also for the different value conditions.

Amplitude modulations of the different components C1, P1, N1 and N2 further analyzed

are again marked.

Similar to the results in Experiment 5, occipital and parietal electrodes again showed a close

relationship to the behavioral responses. That is after 200 ms of stimulus onset, amplitude

modulations are closely correlated to the behavioral results. However, right trials also

elicited amplitude modulations highly correlated around stimulus onset. This results from

the relatively low signal to noise ration, especially at central and frontal electrodes which

experienced high level of noise throughout measurements. Secondly, with twice as many

conditions compared to Experiment 5, the amplitude calculation depended on less average

ERP waveforms and became therefore more exposed to noise. These noise patterns can

result in high correlations when the ERP amplitudes are coincidently aligned to the subject

performance. Similar to the results in Experiment 5, contralateral sites generally showed a

slightly higher absolute correlation of 0.21 (on average over all electrode sites and between

200 ms and 600 ms) than ipsilateral sites with an absolute correlation of 0.18.

4.3.2.3 Amplitude analysis

The dependent variable was the average amplitude measured independently for grouped

and random sequences for C1, P1, N1 and N2 components. The change in amplitude is

described by the difference in average amplitude of random trials compared to grouped

trials and between value conditions.

Time (sec)

Left trial

left hem.

right hem.

C1

P1
N1

N2

-0.1 0 0.1 0.2 0.3 0.4 0.5

AF
F

FC
CT

CP
P

POO
Pz
AF

F

FC

CT
CP

P
PO

O

-0.5

0

0.5

Time (sec)

Right trial

C1

P1

N1

N2

-0.1 0 0.1 0.2 0.3 0.4 0.5

AF
F

FC
CT

CP
P

POO
Pz
AF

F

FC

CT
CP

P
PO

O

-0.5

0

0.5



89

Predictability of reward modulates early visual ERP components

Mean amplitude in the random condition. The average amplitude for the first five trials of

the random and grouped sequence is given separately in Figure 35 for each component and

each value condition. In the random trials, the average amplitudes remained around one

level for all components independent of trial number, but increased for high value

conditions at the N1 and N2 component. The standard error of the mean (SEM) varied

between components and increased for later components as in Experiment 5.

Figure 35: ERP amplitude results. Average amplitudes of electrodes labeled at the bottom

of Figure 34 from thirty subjects elicited in the random and grouped condition at the first

five trials of a block. Errorbars denote standard error of the mean (SEM). Note that

negative is plotted upwards.

Mean amplitude in the grouped condition. The average amplitude remained at one level for

the C1 and P1 component, but decreased monotonically and independently of the value

condition for the N1 and N2 components from trial number 1 to trial number 5, when the

target was presented at the same location for subsequent trials (Note that negative is
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plotted upwards). In fact comparing value conditions, the higher value condition showed

generally higher amplitudes than the lower value condition. This resulted in a significant

interaction effect for the N1 and N2 component (p<0.05).
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4.4Mapping decision making models to early visual ERP components
Three models were proposed to account for a related decision making task in Chapter 2.4: a

Bayesian updating model, a Hidden Markov model and a Rescorla Wagner model. In fact,

only the Rescorla Wagner model was not rejected to account for the subject performance in

Chapter 2.4.2. The hidden Markov model accounted closely for the performance of the

subjects on average, but was unlikely to predict the subject behavior on a single trial basis.

Finally, Bayesian updating was only considered as a theoretical comparison, but could not

account for the subject behavior, because it assumes full knowledge about the task.

However, analyzing only average in grouped and random sequences, all three models

showed a similar result.

The models introduced above considered the probability as well as the expected value of

each target location. These values are compared in their basic properties to the

experimental results in the EEG experiments. That is the values of the different models are

mapped to the measured amplitude modulations of early visual ERP responses. In particular

the results of the N1 and N2 amplitude modulation are contrasted to the different models in

Figure 36. The model values are fitted to the N1 and N2 amplitude modulation results with

two parameters: the baseline and the slope of the model. The baseline of the model is fitted

to the mean amplitude in the random blocks and the slope (difference between model value

at trial 5 and trial 1) is fitted to minimize deviation from the experimental results. The

average deviation of the models from the experimental results is 3.6%.

The amplitude in the random blocks could be considered as a baseline modulation in our

experiment. However, this baseline modulation still includes a substantial amount of

attention. That is the models predict a correct shift of attention to the target location in 50

percent of the times in random sequences. The second parameter to fit the experimental

results is the increase of amplitude modulation with the grouped trial number. The

difference between amplitudes is then the additional modulation with increased probability

of the target location.

Interestingly, basic properties of the theoretical models closely reflect the experimental

results. With symmetric payoff in Experiment 5, the N1 and N2 amplitudes of the subjects

remain at one level as predicted by the models. In the grouped condition, the models

predicted a monotonic increase with decreasing increments, which is also shown by the
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experimental results. That is, both the N1 and N2 amplitude increase with increasing group

trial number.

Figure 36: Model fit. The models proposed in Chapter 2.4 were fitted to the mean N1 and

N2 amplitudes at the first five trials of a random and grouped sequence. The models are

fitted to experimental results of Experiment 5 on the (left) and Experiment 6 on the (right)

with two parameters: the baseline calculated from mean results in a random sequence

and the slope estimated to minimize deviation.

With asymmetric payoff in Experiment 6, the model probabilities are normalized as

proposed in Chapter 2.4.1.2 for each value condition. The normalized model probabilities for

low and high value targets predicted an elevation of the amplitude for higher valued targets,

also found in our experiments shown in Figure 36 as the shift between corresponding low

and high valued targets. Interestingly, the increase in N1 and N2 amplitude in group

sequences is similar to Experiment 5. However, the amplitudes increased more for low

valued targets in the grouped condition than for high valued targets.
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4.5Discussion
In this section, the amplitude of the event related potential (ERP) was modulated with the

condition of the target presentation. In Experiment 5, early visual ERP components were

modulated with the probability of the target location calculated by the models introduced in

Chapter 2.4. That is the ERP amplitudes changed monotonically in group sequences, but

remained similar in random sequences. Above that Experiment 6 modulated ERP

components with the value of the target location. We conclude that the expected value of

the target location calculated by the models is closely reflected in the amplitude of early

visual, attention related EEG responses

Expected value modulations of early visual ERP components. Pascal (1670) proposed that the

expected value is calculated given the probability of reward and the amount of reward. Here

we varied not only the probability of the target location in Experiment 5, but also the

amount of negative feedback associated to the target location in Experiment 6, which can be

used to calculate the expected value associated to each target location. In our experiments,

early visual components, i.e. N1 and N2 components were modulated not only depending on

the probability of the target location as in Experiment 5, but also depending on the value

associated with the target location as shown in Figure 36. Therefore, we conclude an

expected value modulation of early visual ERP components in Experiment 6.

In fact, the modulation of early visual components is not only closely predicted by the

theoretical models in Chapter 2.4, but also by the performance of subjects in a related

prediction task presented in Chapter 2. The EEG results of this section are compared to the

model and prediction results in Figure 37. Therefore, the scale of the amplitude results is

fitted to the associated average of prediction and model results in the random condition and

the slope (difference between group and random amplitudes) fitted to minimize deviation

from the prediction and model results.
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Figure 37: Comparison of experimental and model results. The prediction performances of

the models and subjects in the decision making task (left axis) of Chapter 2 are contrasted

to the N1 modulation results (right axis). The axes are adjusted to minimize deviation.

Results are shown for Experiment 1 vs. 5 on the (left) and for Experiment 2 vs. 6 on the

(right). Results are shown for the prediction performance of the subjects (black), N1

amplitude of the ERP (dark gray), the Bayesian (gray) and Rescorla Wagner (light gray),

and the associated group (solid line) versus random (dotted line) and the associated high

(crossed line) versus low value (circled line). For example the results in the high value

random sequence of the RWmodel are shown as light gray dotted crossed line.

Interestingly, basic properties of results in the prediction task of Chapter 2 are similar to the

ERP modulations. Those are the increasing ERP amplitudes in the group condition and almost

constant ERP amplitudes in the random condition. Similarly subject performances in the

discrimination task of Chapter 2 resemble the ERP modulations, however not on a single

subject basis (see Appendix). Furthermore, we concluded in Chapter 2.5 that subjects are

somewhat matching (Herrnstein (1961)) the probability and expected value of the target

location. In this section we found that early visual ERP components are also modulated with

the probability and expected value of the target location. This shows a close relationship

between decision making in a similar prediction task and the processing of probabilities and

the expected value of a target location in a discrimination task.

Bottom up vs. top down processing. ERPs provide an additional source of information

regarding the time course of information processing and have therefore been useful in

determining the stage at which attention begins to affect processing. Several studies using

this approach have reported that stimuli presented within the focus of attention elicit larger

sensory evoked responses than stimuli presented at unattended locations (e.g. Eason et al.
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(1969); Harter et al. (1991); Luck et al. (1993); Mangun et al. (1988, (1991); Hillyard et al.

(1998; Rugg et al. (1987); Luck et al. (2000)). Since these ERP modulations typically begin

within 80 ms of stimulus onset, they have been taken as strong evidence for the proposal

that attention operates at an early stage to improve sensory processing (reviewed in

Mangun et al. (1993)).

In fact, Sharma et al. (2003) found that neural responses map closely the payoff probability

function at the earliest stages of visual processing. And Shuler et al. (2006) showed that the

activity of the primary visual cortex of Long evans rats is modulated by reward. These results

suggest that afferent properties of the stimuli even like the probability and reward operate

at the earliest stages of sensory processing.

In our experiment we effectively modulated the ERP response with attention. That is in the

control experiment, attention was controlled at the central fixation and the ERP response

remained relatively constant as shown in Figure 27. However, in Experiment 5 and 6,

attention was freely shifted between target locations and the ERP response was strongly

modulated as shown in Figure 24 and Figure 30 for the random condition.

Furthermore, we found that the N1 and N2 component is effectively modulated by the

condition of stimulus presentation. Above that the discrimination performance as a close

indicator of attention (Lee et al. (1999); Downing (1988)) followed the expected value

associated to the target location as shown in Chapter 3. Therefore, we found a modulation

of ERP components linked to the probability of the target location only after 180 ms of

stimulus onset and therefore only at later stages of sensory processing. That is the

probability and the expected value distributed in the environment did not influence sensory

processing at the earliest stages. These results act in favor of rather top down feedback

modulating bottom up processing from higher cortical areas in our task.

Source of ERP modulation. Several studies have located the generator of the early C1, P1 and

N1 components of the visual evoked response by means of dipole modeling (e.g. Gomez

Gonzalez et al. (1994)). They found that the C1 component was consistent with a generator

in striate cortex, while the P1 and N1 components where located in lateral extrastriate

cortex. However, the exact location of each component still remains unclear. For example,

Klimesch et al. (2007) showed that different components may be generated at different sites



96

Processing of expected values in human visual cortex

simultaneously or with different latencies. Therefore, further studies will be necessary to

locate the processing of expected values in early visual responses as shown in this thesis.
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Appendix A: Perceptual learning and response times in behavioral
experiments
Perceptual learning. An increased detection performance in the random sequences during

the experiment above the estimated detection threshold in the staircase procedure might

indicate perceptual learning throughout the following sessions of the experiment. The

average performance in the grouped and random condition for each session is indicated in

Figure 38. Interestingly, the performance increased in Experiment 1 in session number 2.

However, in Experiment 2 the performance decreased again in session number 3 after the

performance increased in the grouped condition at the earlier session similar to Experiment

1.

Figure 38: Perceptual learning results. Average percentage of correct responses for

different sessions of Experiment 3 (left) and Experiment 4 (right) are shown separately for

the group and random condition.

Response times. Responses times were calculated between offset of the last target

presentation and button press for the next target location. Sharma et al. (2003) reported a

significant shift in response times in a similar tracking task. That is subjects had to track the

target by button presses left and right as fast as possible, when the target appeared on the

screen. In our setup, however, we could not find a significant difference between conditions.
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Appendix B: Model by Sharma et al. (2003)
Assume equal prior probabilities of being in the randomized (R) or grouped (G) condition

(Sharma et al. (2003)). Therefore, define Sn 1 (up to trial n 1) as the sequence of previously

observed stimulus locations and let xin be the stimulus location of each trial n at location i. In

each trial there arem possible locations.

Define the Bayesian probability p(xin|Sn 1) to be the probability of observing the stimulus x at

trial n and location i given a particular history sequence Sn 1 of previously observed stimulus

location (up to trial n 1) within that same block. In the grouped condition the history

sequence Sn 1 is constant, but the Bayesian estimate of p(xin|Sn 1)must take into account that

a constant sequence could have been produced by either the grouped (G) process or the

random (R) process. That is, subjects in the grouped condition never know definitely which

condition they are in, but must estimate that probabilistically as part of the process of

prediction. The posterior p(xin|Sn 1) is then calculated by averaging the predictions under

both processes weighted by their posterior probabilities:
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assuming equal priors p(R) = p(G) = 1/2. For trials n > 2, the likelihood of the history

sequence under the G process is p(Sn 1|G) = 1/m, because there are exactly m number of

grouped sequences of length n 1, while the likelihood under the alternative hypothesis of

randomness is p(Sn 1|R) = 1/3n 1, because there are 3n 1 possible (equally likely)

sequences of length n 1.

After the second trial, n 2, the likelihood ratio increasingly favors the grouped process (G)

over the random process (R). The posterior probability of the grouped process p(G|Sn 1) =

1/2 for n = 1 and for n 2 is

2

2

1

11

1

1

1
1

1
2

11

2

11
2

11

)()()()(

)()(

)(

)()(
)(

n

n

n

nn

n

n

n
n

m

m

mm

m

RPRSpGPGSp

GPGSp

Sp

GPGSp
SGp



99

Appendix B: Model by Sharma et al. (2003)

which converges to 1 as the number of trials increases. For p(R|Sn 1) results
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Inserting all these ingredients into Equation (1) yields the estimated target probability for
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for n 2 and p(xin| Sn 1) = 1/m for n = 1 and in the random condition.
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Appendix C: Comparison of discrimination and ERP results
Basic properties of results in the discrimination task of Chapter 3 are similar to the ERP

modulations in the N1 component of Chapter 4 as shown in Figure 39. Therefore, the scales

of both experimental results are adjusted to minimize deviation and the performance results

are plotted on the left axis, while the N1 amplitude results are plotted on the right axis.

Figure 39: Comparison of experimental results. The performances of the subjects in the

discrimination task and the fitted models are contrasted to the mean N1 amplitude

modulation. Considered models are the Bayesian, Rescorla Wagner and Hidden Markov

model. Results are shown for the associated symmetric (left) versus asymmetric (right)

payoff, the associated group (straight line) versus random (dotted line) condition and the

associated high (cross) versus low value condition (circles).

Both the ERP amplitudes and the discrimination performance increase in the group condition

and remain almost constant in the random condition as shown on the left of Figure 39 for

Experiment 3 and 5. Secondly, both experimental results diverge for the different value

conditions as shown on the right of Figure 39 for Experiment 4 and 6.
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Appendix D: Prestimulus frequency analysis
We analyzed prestimulus activity in Experiment 5 and calculated the frequency spectrum of

each electrode separately for left and right trials as shown in Figure 40 in the left and right

column. Interestingly, frequencies in the alpha range showed high amplitudes as shown in

the (top row). The topography of this effect is shown in the (Bottom row) with high

amplitudes associated to parietal and occipital electrode sites as well as anterofrontal sites.

Figure 40: Dynamics of ongoing oscillations in Experiment 5 for left and right stimuli on the

(left) and (right) respectively. (Top row) The spectral amplitude for each of the 64

electrodes and each frequency between 0 and 50 Hz is plotted in gray values. The alpha

frequency used for further analysis was calculated from the average between 9 and 12 Hz.

(Bottom row) Topographic alpha (9 12 Hz) amplitude. Arrows denote electrodes selected

for further analysis below.

Interestingly, the prestimulus alpha amplitude is modulated similarly to the discrimination

performance with a correlation of .6. The discrimination performance in the grouped

condition increased as found in Chapter 3, while it remained constant in the random

condition. The average amplitude modulation over the four sites indicated in Figure 40 for

both left and right trials is shown in Figure 41.
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Figure 41: Alpha amplitude modulation. The alpha amplitude is measured in average over

the four indicated positions in Figure 40 separately for the first five trials of the random

and grouped condition. Note that negative is plotted upwards. Errorbars denote SEM.

We conclude that the prestimulus amplitude in the alpha frequency range is modulated

closely related to the discrimination performance. In fact, Linkenkaer Hansen et al. (2004)

also found a close relation between detection performance and amplitude prestimulus 10 Hz

oscillations. Other studies discussed these oscillations with attention (von Stein et al. (2000);

Fanselow et al. (2001); Mima et al. (2001); Yamagishi et al. (2003)). This suggests that

subjects might adjust their attention prior to the stimulus closely related to the likelihood of

the target location.

Furthermore we setup a C SVM (Support Vector Machine) to predict the target location only

from prestimulus ERP activity. We hypothesized that we could increasingly efficient predict

the target location with increasing trial number of a grouped sequence, but not in a random

sequence. Therefore, we trained a SVM with the average ERP activity between 1000 ms and

0 at each electrode resulting into a 64 x 1 matrix and derived the label as 1 when a left trial

followed and +1 when a right trial followed. In order to test the performance of our

prediction, we selected half the data points randomly as training and test data. The

parameter C was cross validated on each of the training sets. This selection was performed

1000 times and Figure 42 shows the average prediction performance for the first five trials of

random and grouped sequences. In fact, the prediction accuracy remained around 50% and

was not significantly increased in the grouped condition over the random condition for all of

the first five trial numbers.
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Figure 42: C SVM performance to predict the target location from prestimulus ERP activity

at the first five trials of a random and a grouped sequence. The performance is calculated

as the average over 1000 attempts to predict a random half of the data. Errorbars denote

SEM.
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Appendix E: Grand average ERPmodulation for left and right trials
In the analysis of Experiment 5 and 6, we presented mean ERP responses to left and right

stimulus. In Experiment 5, ERP responses were averaged over left and right stimulus in the in

the random and grouped condition. Figure 44 shows the ERP results separately for the left

and right stimulus in the random condition analog to Figure 24. The results are shown for the

response at ipsilateral electrodes in the C1 component, and contralateral electrodes for the

P1, N1 and N2 component. Interestingly, responses are similar for stimuli at the left and right

target location in the shown components. In fact, also independent of the target location,

responses remain similar in the random condition.

Figure 43: Grand average ERP responses elicited by grouped trials on the left and right

target location. Results are shown for different electrode sites ipsilateral to the stimulus

for the C1 component and contralateral to the stimulus for the P1, N1 and N2 component.

Accordingly Figure 44 shows ERP results separately for the left and right stimulus in the

grouped condition analog to Figure 25. While the ERP response remains almost constant in

the C1 and P1 component, the ERP amplitude increases in the N1 and N2 component with

increasing trial number of the grouped condition. However, the increase of amplitude differs
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for the ERP responses on the left and right target location. For example, the amplitude in the

N1 component is modulated similarly at the third and fifth trial for left stimuli, while they

differ largely for right stimuli. We conclude that ERP modulations generally increase with

increasing trial number of the grouped condition, but differ slightly for the left and right

stimuli.

Figure 44: Grand average ERP responses elicited by grouped trials on the left and right

target location. Results are shown for different electrode sites ipsilateral to the stimulus

for the C1 component and contralateral to the stimulus for the P1, N1 and N2 component.

In Experiment 6, ERP responses were also averaged over left and right stimulus in the value

condition. Figure 45 shows the ERP results separately for the left and right stimulus in the

value condition analog to Figure 32. For both left and right stimuli, the ERP amplitude was

not modulated in the C1 and P1 component, but in the N1 and N2 component. However, this

modulation again differs slightly between left and right stimuli. For example, the modulation

in the N1 component is stronger for right stimuli. We conclude that the ERP response is

modulated in the value condition both for left and right stimuli.
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Figure 45: Grand average ERP responses elicited by low and high valued trials on the left

and right target location. Results are shown for different electrode sites ipsilateral to the

stimulus for the C1 component and contralateral to the stimulus for the P1, N1 and N2

component.
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Appendix F: Single subject results
In the analysis of Experiment 5 and 6, we presented mean ERP responses from all subjects.

Figure 46 shows the ERP response in the N1 component for each subject. The response is

average over left and right stimulus at electrodes P7/8 contralateral to the stimulus.

Interestingly, subject responses differ in general and especially for the N1 wave. That is

several subjects showed a small or no N1 wave, e.g. subject 5 and 20. Secondly the N1 wave

measured at the P7/8 electrode peaked at different latencies for different subjects.

Figure 46: Single subject ERP responses in Experiment 5. Single subject responses are

averaged over left and right stimuli at P7/8 electrode sites contralateral to the stimulus.

In general the waveform suffered from a low signal to noise level in signal subjects. Only

average over all subjects we received a similar waveform response like Martinez et al.

(1999).
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Furthermore, single subjects also showed highly different N1 amplitude modulations in

Experiment 5 as shown in Figure 47, which only in average showed the clear relationship to

the discrimination results of Experiment 3.17

Figure 47: Single subject N1 amplitude modulation in Experiment 5 for the first five trials of

the random and grouped condition. Single subject modulations are averaged over left and

right stimuli at P7/8 electrode sites contralateral to the stimulus.

Interestingly, some subjects hardly showed any modulation difference between the grouped

and random condition, e.g. subject 14 and 20. That is the N1 amplitude did not increase in

the grouped condition from the amplitude in the random condition or even decrease, e.g. in

subject 22. However, the response in the random condition remained quite constant for all

subjects.

Figure 48 shows the corresponding single subject discrimination performances in Experiment

3. Interestingly, nearly all subjects increased their discrimination perfomrance in the

grouped condition and even further with an increasing trial number. Furthermore, single

17 As stated above, Experiment 3 and 5 where measured during the same session as were Experiment 4 and 6
and should therefore show a close relationship.
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subject ERP response hardly follow the shape of the discrimination performances in the

different conditions. The main reason for the differences between both measurements could

be the high noise in the ERP measurements.

Figure 48: Single subject discrimination performance in Experiment 3 for the first five trials

of the random and grouped condition.

To further analyze the different processing in single subjects, we calculated the correlation

between the amplitude modulation and the Bayesian model prediction for the different

conditions as shown in Figure 49 and Figure 50. The correlation is calculated in time bins of

20 ms for every electrode and subject. In fact, subjects showed large differences in

processing the Bayesian condition. That is subject 6 and 4 processed the Bayesian

probabilities negatively correlated in the parietal and occipital domain, while subject 7

processed the Bayesian probabilities positively correlated. This holds for left and right

stimuli.
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Figure 49: Single subject correlation analysis for left trials. Grey values denote the

correlation between the amplitude modulation in the grouped as well as random

sequences and the average discrimination performance.

However, the main reason of high correlations even prior to the stimulus lies in the high

noise ratio of single subject ERP responses. That is due to high noise, the baseline correction

prior to the stimulus fails and patterns in the noise lead to random correlations to the

Bayesian model. In general, the single subject analysis suffers from large noise.
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Figure 50: Single subject correlation analysis for right trials. Grey values denote the

correlation between the amplitude modulation in the grouped as well as random

sequences and the average discrimination performance.
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