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Chapter 1

Introduction

1.1 Response Times and Their Role in Inferring Mental
Organization

Brains think. The more brains think, the more time they need to do so. This simple
fact is the basis of the wide–spread use of response times in psychology. Many years
ago, psychologists already realized that response times are informative about the mental
processes instantiated in the brain. Or, to put it negatively, “we surely do not understand
a choice process very thoroughly until we can account for the time required for it to be
carried out” (Luce, 1986, page vii). F. C. Donders was one of the first who realized
that with good experimental design, response times can be used to infer the duration
of different components of mental processing (Donders, 1869). Since then, experimental
psychologists have developed many experimental tasks that have response time as their
main observed variable, such as the Stroop task (Stroop, 1935), the lexical decision task
(e.g., Wagenmakers, Ratcliff, Gomez, & McKoon, 2008), the stop signal task (Logan,
Cowan, & Davis, 1984), the flanker task (Eriksen & Eriksen, 1974), the Simon task (Craft
& Simon, 1970), the random dot motion task (Britten, Shadlen, Newsome, & Movshon,
1992), the implicit association test (Greenwald, McGhee, & Schwartz, 1998), and many
others. In these tasks, response time (from now on: RT) are of interest not only because
they allow us to learn about how people process information, but also because they allow
us to quantify individual differences in performance.

A large class of RT tasks are speeded two choice decision tasks. In such tasks, a
participant has to choose between two response alternatives on the basis of a stimulus.
A popular task, for example, is the “lexical decision task”, in which participants have
to quickly decide whether a presented letter string is an existing word (such as “house”)
or a nonword (or pseudoword, such as “drapa”). Such two–choice tasks come with a
second variable: the accuracy of the response. Often, accuracy has a strong relationship
to the RT in the task, a phenomenon known as the speed–accuracy trade–off (Schouten
& Bekker, 1967; R. G. Pachella, 1974; Wickelgren, 1977). This speed–accuracy trade–off
is largely under the control of the participant, who is most often simply asked to respond
“as fast and accurately as possible”.
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1.2 Why a Model?

Since the speed–accuracy trade–off lies largely in hands of the participant, the use of
either mean RT or accuracy as dependent measure is problematic. To understand the
problem, consider two participants who perform the same RT task. One of them turns
out to be much quicker, but also much less accurate than the other. In this situation, it
is difficult to tell which of the two participants is better. In many studies, this problem
is ignored and either RT or accuracy are taken as the dependent measure of interest.
Although this choice is in some cases defendable, in most cases, ignoring either accuracy
or RT means to ignore an important source of information in the data.

A second source of information that is ignored by the standard analysis of accuracy
and mean RT is the shape of the RT distribution. Two participants can have the same
mean RT but vary enormously in the spread of their RTs. Moreover, RT distributions
have a pronounced right skew; this skew increases with task difficulty such that the slow
RTs may be most informative about the efficiency of processing.

In order to account for accuracy, mean RT, and the distributional form of RT, several
models of RT have been proposed over the years. The most popular class of RT models
consists of the sequential sampling models. All sequential sampling models share the
same basic assumption: When a stimulus is presented, a participant starts to sequentially
sample units of information from that stimulus. These units of information can be either
evidence in favor of say, response A or in favor of response B. At every step in this
sampling process, the sampled evidence is integrated with the evidence already collected
and the evidence in favor of response A and B is evaluated. Whenever the evidence
for one response over the other reaches a pre–set criterion, the corresponding response
is initiated. The different sequential sampling models differ amongst each other in 1)
the way information is sampled (discretely or continuously), 2) the way the sampled
information is integrated, and 3) the way the decision criterion is implemented.

1.3 The Diffusion Model

In 1978, Ratcliff proposed the diffusion model for speeded two choice decision making
(Ratcliff, 1978; Ratcliff & Tuerlinckx, 2002). The diffusion model is a typical sequential
sampling model. The model assumes that noisy information is continuously sampled from
the stimulus. In the model, the difference in evidence accumulated in favor of response
A versus B is continuously compared to two boundaries (Figure 1.1). When the upper
boundary is reached, enough information has accumulated to respond “A”. When the
lower boundary is reached, enough information has accumulated to respond “B”. When
an A stimulus is presented, most of the sampled information will be in favor of response
“A”. However, due to the noisy nature of the accumulation process, every now and then
evidence in favor of response “B” is added to the balance. The result is that most evidence
sample paths will reach the correct A boundary (grey sample path in Figure 1.1), but
sometimes the B boundary will be hit, resulting in an error response (black sample path).
The noise in the information accumulation does not only result in occasional errors, but
also produces the variability in RT (see histograms in Figure 1.1).

From these basic assumptions, the diffusion model provides a detailed and compre-
hensive account of performance in speeded two–choice tasks (Ratcliff & McKoon, 2008;
Wagenmakers, 2009). The model describes how accuracy and the entire distribution of
RT for both correct and error responses result from unobserved psychological processes
that are represented by the model’s parameters. In addition, the model provides an ac-
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Figure 1.1: Graphical illustration of the diffusion model. The two example sample paths
represent the accumulation of evidence from an A stimulus, resulting in one correct re-
sponse (light line) and one error response (dark line). Repeated application of the diffu-
sion process yields histograms of both correct responses (upper histogram) and incorrect
responses (lower histogram). As is evident from the histograms, the correct, upper A
boundary is reached more often than the incorrect, lower B boundary. The total RT
consists of the sum of a decision component, modeled by the noisy accumulation of evi-
dence, and a non–decision component that represents the time needed for processes such
as stimulus encoding and response execution.

count of several key phenomena in RT data, such as the finding that error RTs are in
some cases faster and in some cases slower than correct responses (e.g., Ratcliff & Smith,
2004; Wagenmakers et al., 2008).

In order to apply the diffusion model for the analysis of empirical data, several of its
components can vary from one experimental situation to the next. The precise contri-
bution of each of those components is defined by the model’s parameters. Fitting the
diffusion model to data means to optimize those parameters to describe the data of an
experimental situation. In the version of the model that is used throughout most of this
dissertation, the diffusion model has 7 parameters.

1. Mean drift rate (v). Drift rate quantifies the deterministic component in the information–
accumulation process. This means that when the absolute value of drift rate is high,
decisions are fast and accurate; Thus, v indexes task difficulty or subject ability.

2. Across–trial variability in drift rate (η). This parameter reflects the fact that drift
rate may fluctuate from one trial to the next, according to a normal distribution
with mean v and standard deviation η. The parameter η allows the diffusion model
to account for data in which error responses are systematically slower than correct
responses (Ratcliff, 1978).

3. Boundary separation (a). Boundary separation quantifies response caution and mod-
ulates the speed–accuracy tradeoff: At the price of an increase in RT, participants
can decrease their error rate by widening the boundary separation. Thus, boundary
separation a indexes a participant’s response caution.
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4. Mean starting point (z). Starting point reflects the a priori bias of a participant
for one or the other response. This parameter is usually manipulated via payoff
or proportion manipulations (Edwards, 1965; Wagenmakers et al., 2008; but see
Diederich & Busemeyer, 2006).

5. Across–trial variability in starting point (sz). This parameter reflects the fact that
starting point may fluctuate from one trial to the next, according to a uniform
distribution with mean z and range sz. The parameter sz also allows the diffusion
model to account for data in which error responses are systematically faster than
correct responses.

6. Mean of the nondecision component of processing (Ter). This parameter encompasses
the time spent on common processes, i.e., processes executed irrespective of the
decision process. The diffusion model assumes that the observed RT is the sum of
the nondecision component and the decision component (Luce, 1986):

RT = DT + Ter, (1.1)

where DT denotes decision time. Therefore, nondecision time Ter does not affect
response choice and acts solely to shift the entire RT distribution.

7. Across–trial variability in the nondecision component of processing (st). This param-
eter reflects the fact that nondecision time may fluctuate from one trial to the next,
according to a uniform distribution with mean Ter and range st. The parameter
st also allows the model to capture RT distributions that show a relatively shallow
rise in the leading edge.

Validity of the Interpretation of the Diffusion Model’s Parameters

One main advantage of the diffusion model is that it allows researchers to draw conclusions
based on the psychological components of processing that are postulated by the model,
rather than on accuracy and RT alone. Such conclusions can only be drawn when the
mapping of the hypothesized psychological components on the model’s parameters is
valid.

Fortunately, several studies attest to the validity of the diffusion model parameters.
One such validation study was performed by Voss, Rothermund, and Voss (2004) who
experimentally manipulated the underlying psychological components that are associated
with the main four parameters of the diffusion model. Subsequently, Voss et al. (2004)
studied whether these manipulations were reflected in the model’s parameters when fit
to the data. For instance, Voss et al. (2004) found that (1) increasing participants’
motivation to respond accurately resulted in higher boundary separation estimates, (2)
difficult stimuli resulted in lower drift rates than easy stimuli, (3) a less convenient way
of pressing the response button resulted in higher non–decision times and (4) unequal
rewards resulted in a shift in the starting point toward the rewarded response. These
results strongly support the link between the parameters of the diffusion model and the
psychological processes that they are thought to represent. Converging evidence comes
not just from validation studies, but also from empirical studies that repeatedly find the
same mapping (e.g., Ratcliff & Rouder, 1998; Wagenmakers et al., 2008).
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1.4 Exploring Virgin Territory and Beyond

Although the diffusion model has become increasingly popular over the last 15 years, many
phenomena from fields of research that use RT data are still virgin territory as formal
modeling is concerned. The application of the diffusion model to explore such virgin
phenomena can turn out enlightening. The first four chapters of this thesis are reports of
two such explorations (i.e., practice effects and post–error slowing). Chapter 6 describes
a methodological obstacle that we encountered when studying post–error slowing, and
offers a simple solution to avoid it. In the chapter 7, we take some distance and question
the comprehensiveness of the diffusion model. The next three paragraphes give a short
introduction to each of the chapters in this thesis.

1.5 Practice Effects: A Unitary Phenomenon?

When participants repeatedly perform the same task, their RTs invariably decrease. This
benefit of practice is generally strongest at the beginning of practice and diminishes
over time. In the literature on the practice effect, the focus of debate has mostly been
on what mathematical function best describes the speed–up of mean RT with practice.
This focus on mean RT has largely ignored effects on accuracy and the shape of RT
distributions. In the study described in the chapter 2, we applied the diffusion model to
take into account all these sources of information and decompose the effect of practice
into underlying psychological constructs. To this end, a 10,000 trial lexical decision task
was administered and analyzed with the diffusion model. The results of this study showed
that the effect of practice could not be attributed to a single psychological process, but
instead reflects changes in at least three qualitatively different processes. However, after
this study, we were left with uncertainty about the origin of the effects. In particular,
we wondered whether the effects were due to increased familiarity with the word and
nonword stimuli or to increased familiarity with the task in general. Chapter 3 of this
dissertation addresses this question.

1.6 Sequential Effects

In RT research, consecutive trials are generally assumed to be independent. However,
performance on the present trial often depends on performance on the previous trials. One
sequential effect that has received considerable attention, in particular in the last decade,
is post–error slowing. Post–error slowing refers to the phenomenon that after committing
an error, participants tend to slow down on subsequent trials. Several explanations have
been proposed for this phenomenon. The most popular explanation is that participants
monitor their performance and interpret an error as a sign that they should respond more
carefully on the next trial. Although this explanation in terms of strategic adjustments
is very popular, several other plausible hypotheses exist. In chapter 4, we show that
the diffusion model is an ideal tool to tell apart the different explanations that have
been proposed. The analysis of a 1,094,886 trial lexical decision data set allowed us to
conclude that, for this data set, strategic adjustments of response caution indeed underlie
the post–error slowing effect.

One of the fields in which post–error slowing plays a role is the psychology of aging.
Elderly participants, who are generally found to respond more cautiously than young
participants, have also been found to slow down more strongly after committing an error.
To study what processes underly this increased post–error slowing with age, we applied
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the diffusion model to a perceptual discrimination data set administered to young and
elderly participants in chapter 5. The results show that both young and elderly partic-
ipants wasted time on irrelevant processes after committing an error. Furthermore, the
occurrence of an error caused elderly participants to process information more slowly and
to become more cautious.

In the chapter 6, we describe a problem we encountered when analyzing post–error
slowing effects. It turned out that the standard and wide–spread method to analyze post–
error slowing is vulnerable to a confound of global changes in behavior over the course of
a task. Fortunately, the solution we offer is simple and effective.

1.7 Accurate Responding and Guessing: Two Extremes of the
Same Process?

The diffusion model describes how the speed–accuracy trade–off is governed by the sep-
aration of response boundaries. Wide boundaries result in decisions that are slow but
accurate; narrow boundaries lead to decisions that are fast but error–prone. This inter-
pretation of the model suggests that, with increasing emphasis to respond quickly, partic-
ipants can bring response boundaries together closer and closer, until—with a boundary
separation of zero—their performance is very fast and at chance accuracy. In chapter 7
we study this limiting case and focus on what happens when participants are forced to get
faster and faster, until they are guessing. We show that two different regimes appear to
govern behavior: one fast–guessing regime and an accurate, stimulus controlled regime.
We show that both regimes are stable and that the transitions between these regimes are
abrupt rather than continuous. From catastrophe theory, we derive testable predictions
that are indicators of such discrete phase transitions. Three experimental studies test
these predictions.

1.8 Temporal Dynamics of Speeded Decision Making

Although the chapters of this thesis cover a wide range of topics, they address a common
question: how do people adjust the way they perform a task, given changes in internal
and external constraints? Throughout this dissertation, you will find that performance
of participants is far from static. Past experience with stimulus material, their own
performance, and task demands all allow participants to strategically adjust the way
they process information and make decisions.
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