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Chapter 8

Summary and Discussion

This thesis documents several rather diverse explorations in the small world of speeded
two–choice decision making. Despite their diversity, all explorations share two common
elements: first, that quantitative modeling is an essential tool to understand behavioral
data, and, second, that behavior is adaptive and flexible, even in elementary cognitive–
perceptual tasks. Before taking some distance to place the results in a broader perspec-
tive, I first summarize and discuss the main conclusions of this thesis.

8.1 Summary of Results

Practice Effects

Extended practice on the same task almost invariably results in a speed–up of perfor-
mance. These practice effects have been studied for many years (Woodworth & Schlos-
berg, 1954; A. Newell & Rosenbloom, 1981; Logan, 1992). Long before experimental
psychologists became interested in how information processing of information becomes
more efficient with practice, factory owners must have been interested in how their work-
ers improved on the tasks they were hired to do. These factory owners did probably
not only care about the average speed of their workers, but were also concerned with
their accuracy and steadiness of performance. From this perspective it appears surpris-
ing that the field of research on practice effects in psychology has mostly focused on mean
response time and has largely ignored accuracy and the spread of response time (from
now on: RT). Chapters 2 and 3 of this thesis represent efforts to paint the full picture of
practice effects and to account not just for the speed–up in mean RT, but also for changes
in accuracy and the effects on the entire distribution of RT.

In the first of the two chapters, each of four participants practiced on the same 400–
trial lexical decision task for 25 times. The data of this experiment show a complicated
pattern of results: Participants instructed to respond accurately showed stable accuracy
throughout the 25 practice blocks. However, the effects on RT were dramatic: not just
mean RT decreased strongly, but the entire distribution became more and more peaked.
For participants instructed to respond fast, accuracy increased strongly over practice,
while the distribution of RT was relatively stable. A diffusion model analysis allowed
us to disentangle the effects on both dependent variables. We found that participants’
ability to discriminate the stimuli improved both under speed stress and accuracy stress.
In addition, we found that participants instructed to respond accurately became less
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8. Summary and Discussion

cautious with practice. In contrast, participants instructed to respond fast did not become
less cautious, probably because they were forced to take risks right from the start of
practice. Furthermore, we found that non–decision time, a measure for the duration of
peripheral and motor processes, strongly decreased for participants who were instructed
to respond accurately. These findings strongly suggest that practice is a multifaceted
phenomenon that can not be usefully abstracted in terms of mean RT alone.

The most unexpected finding of this large practice study was the strong practice effect
on non–decision time. In particular, we were left with the question whether this effect
was due to learning on the general task of lexical decision making, or that the effect was
caused by an increase in familiarity with the stimuli. To discriminate between these two
explanations, we designed the second practice experiment reported in chapter 3. In this
experiment, participants practiced on stimulus lists that were unique and with a stimulus
list that was presented repeatedly. In this design, stimulus–specific effects should only
be found on the repeatedly presented stimulus lists, whereas task–related effects should
be evenly expressed in uniquely presented and repeatedly presented stimulus lists. The
results of this study show that the practice effects on both non–decision time and rate of
information processing are partly task–related and partly stimulus–specific. The practice
effects on response bias and caution—the components of processing that are under control
of the participant—appeared to be task–related.

The studies in chapters 2 and 3 show that practice effects are clearly more than just
a speed–up of mean RT. Several processes underly the practice effect, some of which are
task–related and some of which are stimulus–specific. One of the most notable findings
is that gradual changes in participants’ ability were accompanied by gradual changes in
response caution. In this way, participants were able to maintain a relatively stable level
of accuracy while their ability on the task increased.

Effect of Errors

When participants err in an RT task, they tend to slow down on the subsequent trial.
The most common explanation of this post–error slowing (PES) phenomenon is that par-
ticipants continually monitor their performance and interpret errors as a sign that the
chosen response threshold was too liberal (Rabbitt & Rodgers, 1977; Cohen et al., 2000).
Consequently, participants heighten their threshold following an error in order to increase
the probability of a correct response on the next trial. The heightened threshold leads to
fewer errors but also causes slower responding (i.e., the PES phenomenon). This expla-
nation of PES is so appealing that it is often just assumed to be correct. Consequently,
the magnitude of PES is interpreted as a direct measure of cognitive control. Conclusions
about cognitive control are then based on correlations between the amount of PES and
physiological measures (Li et al., 2006; Danielmeier et al., 2011) or differences in PES
between clinical groups (Shiels & Hawk, 2010). Although the explanation of PES in terms
of cognitive control is very appealing, there exist several different explanations of PES.
In chapter 4 we show that each of the existing explanations of PES maps onto one of
the diffusion model parameters. Thus, the application of the diffusion model allows us to
decide between existing theories of PES.

In chapter 4, we set out to test competing theories of PES in a very large lexical
decision study. This data set, that comprised of over 28,000 data points for each of 39
participants, contained enough error trials (and consequently enough post–error trials) to
fit the full diffusion model to each participant’s data set individually. The results showed
that the PES effect in this data set was caused by an increase in response caution after
committing an error, as predicted by the cognitive control explanation.
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In chapter 5, we focused on the difference in PES between young and elderly par-
ticipants. Elderly participants, who are known to respond more cautiously than young
participants in general (Salthouse, 1979; Strayer et al., 1987; Ratcliff et al., 2010, 2006b),
are also known to have coarser control of their speed–accuracy trade–off, presumably lead-
ing to stronger PES (Rabbitt, 1979; G. A. Smith & Brewer, 1995; Band & Kok, 2000).
To obtain a better understanding of this age–related difference in PES, we analyzed the
data of an experiment in which young and elderly participants responded to random dot
motion stimuli. The results show that both young and elderly participants wasted time
on irrelevant processes after committing an error. Apparently, participants took time to
think over the error they committed or wasted some time in frustration. Furthermore,
elderly participants processed information more slowly and responded more cautiously
after committing an error.

The results of chapter 5 do not completely agree with those of chapter 4. Part of
this discrepancy may lie in the different tasks that were used in both experiments. In
a lexical decision task, as was used in chapter 4, participants often realize that they
have committed an error after pressing the response button. In this situation, it makes
sense to increase response thresholds, since waiting longer to respond would have led to
the correct response. In contrast, when performing a random dot motion task, the only
cue that tells the participants that they committed an error is the feedback message.
Participants might therefore reason that they would have committed an error, regardless
of their threshold setting. Similar reasoning might explain the additional effect on non–
decision time that we found in chapter 5: When participants get an error message when
they have no clue that their response was wrong, they might get much more frustrated
than when they know what they did wrong.

The results from both chapter 4 and chapter 5 underscore that participants’ behavior
is far from static. Participants’ behavior changes constantly. Behavior is not just changing
due to strategic adjustments, performance is changing as well due to processes that are
not under control of the participant, such as changes in the rate of information processing.

Chapter 6 describes a methodological obstacle that we found when we analyzed the
PES effect. The obstacle is inherent to the traditional method to quantify PES. This
traditional method subtracts the mean RT following correct responses from the mean
RT following error responses. We show that this measure of PES can be confounded by
global fluctuations in performance over the course of a task. Fluctuations in participants’
motivation may lead to spurious PES, whereas fluctuations in response caution may mask
PES or even lead to spurious post–error speeding. The simple solution is to compare post–
error trials to pre–error trials, ensuring that both parts of the comparison originate from
the same locations in the data. Simulations show that our method is indeed robust to
global fluctuations. An empirical data set shows that the confound can be found in real
data.

From Accurate Responding to Guessing: A Phase Transition

In most sequential sampling models of RT, participants are assumed to continuously
trade off speed for accuracy: Continuously increasing the pressure on accuracy leads to
continuously increasing response thresholds; continuously increasing pressure on speed
leads to continuously decreasing response thresholds. In chapter 7, we set out to test
whether the speed–accuracy trade–off is indeed continuous and we contrast this assump-
tion to predictions that are derived from a new phase transition model for RT. This
phase transition model assumes that behavior is governed by two modes of processing:
one accurate, stimulus controlled mode, and a fast guessing mode. Two–state systems,
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like the one postulated by our phase transition model, can be modeled using catastrophe
theory. Catastrophe theory is a mathematical theory that applies to dynamic systems in
which continuous changes of environmental variables lead to sudden changes in observed
behavior (e.g., Zeeman, 1976). From catastrophe theory, we derived two signature pre-
dictions of the phase transition model: bimodality and hysteresis. We tested these two
predictions in two experiments.

The first hypothesis, bimodality, states that two irreconcilable modes of processing
exist. In our phase transition model, this means that participants can either process the
stimuli and respond relatively accurately (the stimulus controlled mode) or guess quickly,
without processing the stimulus (the guess mode). Intermediate behavior is instable. In
the experiment that was set out to test this prediction of bimodality, participants were
rewarded for targeting 75% correct (intermediate accuracy) while maintaining speed. The
results showed that participants were not able to show intermediate behavior, but mixed
fast guesses with accurate responses, yielding a bimodal RT distribution.

The second hypothesis, hysteresis, states that both modes of processing are inherently
stable. As a result, when participants are performing in the stimulus controlled mode,
and rewards pressure them to continuously speed up at the cost of accuracy, they will be
able to maintain relatively high accuracy until, at a certain point, performance collapses
to guessing behavior. On the other hand, when participants are in the guessing mode and
rewards pressure them to respond more and more accurately at the cost of speed, they
will resist to shift to the accurate stimulus controlled mode until a relatively high reward
for accuracy is offered. Thus, the relative reward for accuracy at which this shift to the
stimulus controlled mode takes place is higher than the reward for accuracy at which the
shift from the stimulus controlled mode takes place. This hypothesis of hysteresis was
tested in an experiment in which we gradually changed the relative payoff for speed and
accuracy, from 100% payoff for speed (when participants should guess) to 100% payoff
for accuracy (when participants should respond correctly). Hysteresis was found for all
but two of our 11 participants.

These experiments show that the speed–accuracy trade–off is not continuous, as pre-
dicted by most sequential sampling models. In contrast, performance over the entire
range of the speed–accuracy trade–off appears to be governed by two separate modes of
processing. Our model accounts for the phase transitions between those two modes of
behavior. Yet the phase transition model is clearly too simple to explain all empirical
facts. Many studies have showed that people are able to trade off speed for accuracy con-
tinuously within a certain range. Thus, the stimulus controlled state should comprise a
continuum of behavior in the higher regions of accuracy. In a sequential sampling frame-
work, this can be implemented naturally by assuming a continuously changing response
criterion. Therefore, it would be of great value to formulate our model by integrating
(nonlinear) sequential sampling models (Heath, 2000; Roe et al., 2001; P. L. Smith, 1995;
Usher & McClelland, 2001) in the phase transition model.

8.2 Discussion

Critical Tests of the Diffusion Model

In four chapters of this dissertation, the diffusion model is applied to decompose effects on
RT and accuracy into psychological processes that are assumed to underly behavior. The
value of such a decomposition of behavior relies on (1) the validity of the interpretation
of model parameters (2) the reliability of the parameter estimates and (3) the robustness
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to misspecification of the model. The model’s performance in the light of each of these
requirements is discussed below.

Validity

The validity of the interpretation of the diffusion model parameters critically depends on
the specificity of the mapping between the model parameters and the assumed underlying
psychological processes. Voss et al. (2004) show that this parameter–to–process mapping
is indeed very specific: speed–accuracy manipulations affected boundary separation a,
stimulus difficulty affected drift rate v, the ease of executing the motor response affected
non–decision time Ter and the relative reward for the response options affected starting
point z. Ratcliff (2002) performed a similar successful test on the specificity of influence
on boundary separation and drift rate. In the same study, Ratcliff (2002) showed that,
although the diffusion model was able to fit many patterns in real data, it did not fit
plausible but fake data. The latter result shows that the model is not over–parameterized
and cannot just fit any data set.

Reliability

In order to fit the data to an experimental condition and to reliably estimate the model
parameters, one needs many data points. More specifically, one needs enough error re-
sponses to fit the error RT distribution. When there are not enough data, the parameters
of the diffusion model are estimated poorly, and this is particularly true for the variabil-
ity parameters η, sz, and st. These variability parameters are of least relevance in the
interpretation of the model fits. However, in order to improve the reliability of parame-
ter estimates with smaller sample sizes, the psychological interpretation of the diffusion
model allows one to combine experimental conditions and constrain parameters over con-
ditions. For example, when two experimental conditions only differ in the difficulty of the
stimuli, one can constrain all parameters but drift rate to be equal across those two con-
ditions. Alternatively, one can think of situations in which all parameters but response
bias or response caution are restricted across experimental conditions.

More information about the reliability of the diffusion model parameter estimates
comes from studies showing that parameters are recovered properly when the diffusion
model is fitted to a data set that is generated from the model itself (Ratcliff & Tuerlinckx,
2002; Vandekerckhove & Tuerlinckx, 2007; Ravenzwaaij & Oberauer, 2009). The study
by Ratcliff and Tuerlinckx (2002) lists some situations in which parameters cannot be
estimated properly. In particular the influence of observations from contaminant pro-
cesses, such as fast outliers, negatively affect parameter estimation. However, the study
also shows that with a correction for contaminants and a cutoff for very fast RTs these
problems are attenuated.

Robustness

Donkin, Brown, Heathcote, and Wagenmakers (2011) studied whether the conclusions
based on the diffusion model are robust against eventual misspecification of the model.
To do so, they studied whether conclusions based on the diffusion model were the same as
conclusions based on the linear ballistic accumulator model (LBA, Brown & Heathcote,
2008). The comparison of conclusions is interesting, since the LBA model assumes a
related but different choice process than the one assumed by the diffusion model (see
Figure 8.1). The LBA model describes a two–choice decision process as a race between
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two accumulators, one for each response option. When the first accumulator reaches the
decision threshold b, the associated response is initiated. As in the diffusion model, the
rate of information accumulation (drift rate) in each accumulator varies between trials.
However, an important difference with the diffusion model is that the LBA model has
no within–trial variability in drift rate. Another important difference with the diffusion
model is that the LBA model posits an absolute response threshold instead of a relative
response threshold.

Despite these differences, the interpretation of key parameters is the same for both the
LBA model and the diffusion model: In the LBA model, drift rate d quantifies stimulus
difficulty or participant ability, threshold b quantifies response conservativeness and thus
regulates the speed–accuracy trade–off, and starting point k quantifies response bias. As
in the diffusion model, the distribution of RT is shifted by non–decision time Ter.

Figure 8.1: The linear ballistic accumulator model describes a two–choice decision process
as a race between two accumulators. The rate of information accumulation (drift rate)
in each accumulator varies between trials. However, in contrast to the diffusion model,
there is no within trial variability in drift rate. Figure reprinted from Forstmann et al.
(2008), Figure 2(B).

To study the agreement between LBA and the diffusion model, both models were
fitted to the same data sets. Results showed that the conclusions based on the diffusion
model were similar to the conclusions based on LBA: When one parameter was affected
in the diffusion model, it was also affected in the LBA model and the relative magnitudes
of effects were generally the same in both models. These results suggest that conclusions
based on the diffusion model do not depend on the correctness of the model itself. In
other words, these conclusions appear to be robust to misspecification.

Challenges in RT Modeling

The diffusion model’s ability to stand the critical tests described in the section above
have allowed it to become one of the most successful models in experimental psychology.
The model has been applied very successfully to many experimental paradigms. How-
ever, there are situations that the model cannot currently handle. This section discusses
two situations that pose a challenge to the diffusion model: situations in which behav-
ior is based on multiple processes and situations in which multiple responses should be
accounted for.
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Multiple Processes

In chapter 7, we studied the transitions from accurate to guessing behavior. The diffusion
model would describe this transition by bringing the response boundaries closer and closer,
until even the smallest unit of information can trigger a response. There are several
reasons why we believe this is not a proper account of the transitions found in our data.
First, our study shows that the transition from accurate behavior to guessing is abrupt
and not continuous as the diffusion model predicts. Also, the guessing behavior seems to
be qualitatively different from accurate behavior. When in the fast guessing mode, people
often press the same button many times in a row, behavior that is inconsistent with the
prediction of a diffusion model in which boundary separation is zero. Furthermore, with
zero boundary separation, the diffusion model simplifies to the uniform distribution that
is assumed for non–decision time Ter, whereas the guessing RT distribution is certainly
not uniform. To solve this problem, in a complete phase transition model of RT, pressure
on speed should transform the stimulus–response process from a diffusion–like process to
a plausible model of simple RT (e.g., P. L. Smith, 1995).

There are certainly more situations in which the diffusion model in its basic form
fails to provide a natural account of behavioral phenomena. Often, the problem lies
in the fact that the diffusion model describes a decision process as a time–homogenous
process: the drift rate in the model is assumed to be constant over the course of a
trial. However, many popular experimental tasks in psychology are designed to study
conflicting processes. One such task is the Simon task (Craft & Simon, 1970). In this
task, the position of the stimulus on the screen, which the participant is instructed to
ignore, is found to influence behavior. Pratte et al. (2010) show that the diffusion model
is not able to account naturally for these data. However, it should be noted that the
diffusion model provides a very general description of a simple decision process. White
and Ratcliff (2011) have shown that the very basic assumptions of the diffusion model
can be extended naturally to a more complex model that accounts for data of the Eriksen
flanker task (Eriksen & Eriksen, 1974).

Multiple Responses

In the diffusion model, the relative evidence for each of two response options is compared
to two response boundaries. In other words, evidence in favor of one response means
evidence against the other response. One drawback of this assumption is that tasks
with more than two response options cannot be easily modeled with the diffusion model.
This drawback does not apply to models that assume that each response has a counter
that races against the counters of other responses, such the LBA model and the leaky
competing accumulator model (Usher & McClelland, 2001).

In addition to this practical and theoretical advantage, one could favor race models
over the diffusion model because race models are neurologically more plausible (Usher
& McClelland, 2001; Bogacz, 2007; Usher, Olami, & McClelland, 2002). The leaky
competing accumulator model assumes a competition between separate accumulators that
each represent a response. The evidence in one accumulator can inhibit the accumulation
of evidence in the other accumulator and the accumulated evidence leaks over the coarse
of a trial. The latter assumption mimics the decay of activation of neurons in the absence
of input.

A phenomenon that can potentially be modeled using the leaky competing accu-
mulator model is double responding. Double responding refers to the observation that
participants now and then press two response buttons almost at the same time. An in-
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tuitive explanation of this phenomenon is that the trailing accumulator is too close to
initiation of the motor response to still be inhibited. This explanation can probably be
modeled naturally in the leaky competing accumulator model by assuming a relatively
low reciprocal inhibition on a certain trial. However, fitting the leaky competing accu-
mulator model is problematic. Future advances in numerical techniques might possibly
solve this practical problem.

8.3 Concluding Remarks

This dissertation sheds light on the temporal dynamics of behavior in speeded decision
making. Participants on RT tasks learn, get distracted, speed up, slow down, get con-
fused, get bored, and eventually may start guessing. One can safely say that participants’
behavior is dynamic. It seems therefore obvious that mean RT or accuracy are at best
limited summaries of performance. This thesis shows that a study of the dynamics of
speeded decision making requires an assessment of all the data, most notably the changes
in entire RT distributions. More generally, this thesis shows that the analysis of psycho-
logical data should start from well–formulated ideas about the processes that might have
generated the data. When the model that formalizes these ideas provides a reasonable
account of the observed data, this constitutes a first step towards a deeper and more com-
prehensive understanding of behavior than is possible from the assessment of summary
measures alone.
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