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The fluid events model is a behavioural model aimed at predicting the likelihood that people will change
their actions in ongoing, interactive events. From this view, not only are people responding to aspects of
the environment, but they are also basing responses on prior experiences. The fluid events model is an
attempt to predict the likelihood that people will shift the type of actions taken within an event on a
trial-by-trial basis, taking into account both event structure and experience-based factors. The event-
structure factors are: (a) changes in event structure, (b) suitability of the current action to the event,
and (c) time on task. The experience-based factors are: (a) whether a person has recently shifted
actions, (b) how often a person has shifted actions, (c) whether there has been a dip in performance,
and (d) a person’s propensity to switch actions within the current task. The model was assessed
using data from a series of tasks in which a person was producing responses to events. These were
two stimulus-driven figure-drawing studies, a conceptually driven decision-making study, and a prob-
ability matching study using a standard laboratory task. This analysis predicted trial-by-trial action
switching in a person-independent manner with an average accuracy of 70%, which reflects a 34%
improvement above chance. In addition, correlations between overall switch rates and actual switch
rates were remarkably high (mean r= .98). The experience-based factors played a more major role
than the event-structure factors, but this might be attributable to the nature of the tasks.
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Much of the work on event cognition has focused
on situations in which a person is, largely passively,
comprehending a series of events, whether it is
through a written narrative (e.g., Zwaan &
Radvansky, 1998), through a narrative film (e.g.,
Magliano, Miller, & Zwaan, 2001), or by learning
information in a (virtual) environment (Radvansky
& Copeland, 2006.). While this is certainly the way
people do process some event information, in most
cases people are actively interacting with the world.

For example, we may alter how we are driving, and
the actions we take, depending on whether we are
on a residential street, or a highway, as well as
how successful our choices are in getting where
we are going. Most theories of event cognition do
not take into account this interactive nature of
our experience. Instead they focus on how people
comprehend events that are presented to them (e.
g., McNerney, Goodwin, & Radvansky, 2011), or
how event structure affects our ability to engage
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in various cognitive tasks, such as remembering
(Radvansky & Zacks, 1991) or solving a problem
(Salomon, Magliano, & Radvansky, 2013).

Moreover, events change from moment to
moment and how a person responds to those
events changes over time as well. To some degree,
theories of event cognition take such changes into
account (e.g., reading time assessments using the
event indexing model), but there is not much in
the way of accounting for changes within the
person. There is a great deal of fluidity in the com-
prehension of and interaction with dynamic events.
The aim of the current project is to try to under-
stand some aspect of cognition and behaviour in
interactive events.

Most real-world events and tasks are sufficiently
complex to admit multiple ways of interacting with
them. That is, there are often multiple actions or
strategies available. As such, at various points
during the event interaction, a person may stop
using one type of action in the event and start
using another. For example, a person who is
driving may elect to take their eyes off the road to
glance into their rear-view mirror, adjust their
radio, or read a few sentences from their novel.
This shift from one action is unlikely to occur ran-
domly, but is more likely occur at some points
than others, depending on what is going on in the
event at the time, and as influenced by an particular
individual’s experiences. Is there any way to reliably
predict when such behavioural changes will occur?

The ability to derive some estimate of the likeli-
hood of an action switch during the continuous
flow of events can be useful in a number of ways,
including the facilitation of training, the develop-
ment of understanding, the avoidance of mistakes,
the avoidance of erroneous persistence of subopti-
mal actions, and the anticipation of how to
counter an opponent’s moves. Here we consider
how event structure can influence a decision to
change actions, as well as how a person’s experience
on a task can also influence that decision. Note that
we are not concerned here with how a person selects
a particular action, or even which actions are chosen
at a given point in time, but only the circumstances
under which a person decides to make a change in
what they are doing in the context of a task

embedded in an interactive event. The actual type
of action chosen is likely to reflect the circum-
stances at the point at which a person decided to
change their behaviour. Once it is possible to deter-
mine when a change in action is likely to occur,
then the next step of determining what this
action is will be taken.

Event structure as a guide to action

Events are highly structured sets of information.
People use this structure to guide their understand-
ing and presumably their actions. The influence of
event structure on cognition is evident in theories
such as the event indexing model (Zwaan,
Magliano, & Graesser, 1995; Zwaan &
Radvansky, 1998), which assumes that people are
continuously monitoring narrative events for
changes along a number of dimensions, and the
event horizon model (Radvansky, 2012;
Radvansky & Zacks, 2011, 2014), which assumes
that the accessibility of information is a function
of how dynamic activity is parsed and distributed
across multiple events.

An important collection of findings in the event
cognition literature has revealed that event segmen-
tation and structure have meaningful influences on
processing. This includes the perceptual segmenta-
tion of ongoing events (Kurby & Zacks, 2008),
increases in reading times at event boundaries
(Zwaan, Magliano, & Graesser, 1995), better
memory for actions and items occurring at event
boundaries (Swallow, Zacks, & Abrams, 2009), a
structuring of memories into separate events
(Zwaan, Langston, & Graesser, 1995), the experi-
ence of memory retrieval interference for items
occurring across multiple events (Radvansky &
Copeland, 2006; Radvansky & Zacks, 1991), and
a reduction in retrieval interference for items segre-
gated into different events. Thus, people are
actively segmenting the ongoing stream of activity
into separate events.

This event segmentation is an important
concept for understanding interactive events.
When event boundaries are encountered in interac-
tive situations, there is a change in the environ-
mental structure that people find themselves in.
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As such, the demands of the task they are trying to
accomplish may change, even if the general task is
the same. There may be a need to alter the action
a person is using to accomplish that task. For
example, if a person is driving somewhere and
takes the onramp to the highway (a change in
event structure), then, although the overarching
action is driving, the strategies a person uses
while driving on a highway are different from
those used on city streets because of the different
traffic rules, different road structures, and how the
other drivers are behaving.

Moreover, event boundaries are opportunities
for a person to evaluate their current state (are
they doing well or poorly) in that event, or the
task that they are doing. For each smaller event, a
person engages in a behaviour or action in the
service of some goal. This action may or may not
be successful in bringing a person closer to their
goal, or a person may realize a better way to accom-
plish their goal if a different action were used. For
example, when driving down the highway, a person
may find themselves in a new event in which they
are behind a particularly slow vehicle, and their
own speed may slow. At that point they may
choose to alter their behaviour and move over to
another lane to go faster.

Experience as a guide to action

In addition to the influence of what is going on in
the event itself, action choices by a person in an
interactive event are also likely to be guided by
the person’s experiences within that environment.
For example, if a person has been doing worse on
a task, there may be a desire to try a different
approach. Overall, there are a number of factors
that can change a person’s behaviour in the
context of an interactive event. Moreover, a
person’s state of mind regarding their interactions
with an event is also likely to change as their experi-
ence unfolds and is likely to reflect how well their
interaction is going at the moment.

To capture the state of mind of people in inter-
active events, many cognitive accounts rely on more
or less static measures of individual differences (e.
g., working memory span scores), or general
measures of performance (e.g., bias) across a
number of trials. What is often lacking is the
moment-by-moment, trial-by-trial changes that
occur in an event as a result of personal experiences.
One aim of our modelling approach is to begin to
try to capture such changes.

The extent to which various event-based and
experience-based factors influence the processes
involved in deciding to change the nature of the
interaction is less clear. The fluid events model is a
computational model of event cognition focused
on trying to account for when behavioural
changes will occur, and the importance of each of
a number of factors. The selection of the factors
used by the fluid events model is based on reasoned
assumptions, and the computation of the factors
utilizes domain-independent internal parameters.
Based on these factors, the model derives the prob-
ability of an action switch in the interactive event
for each trial. These factors can be organized
according to a dual-process division of processes:
Event-structure processes are driven by character-
istics of the task event itself, while experience-
based processes are gleaned from past experience
with the task.

THE FLUID EVENTS MODEL

The fluid events model predicts when a person is
likely to abandon one strategy or action for
another. It does not predict which action will be
taken; instead it focuses on the probability of a
shift within the same task. The fluid events model
estimates the probability of such a shift by taking
into account a number of factors. Equations and
fixed values of factors are provided in Table 1, and
an overview of the model is provided in Figure 1.1

It should be noted that that there are a number
of factors involved in the model. This is because

1For those interested readers, a printout of the Visual Basic program used to run the fluid events model is available (doi:10.7274/

R08913SH)
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there are a number of influences that can feed into
the probability of whether a person elects to switch
actions. Moreover, when the model is applied to
various data sets (described in subsequent sections),
it will be clear that action switches are not being
driven by one or a few elements, but that all com-
ponents of the model are involved to various
degrees, depending on the nature of the task. It

should also be noted that this line of research is
very new. As such, there are not many relevant the-
ories or empirical findings for some of our model
components. As a result, our factors are determined
by theory when available, but more by reasoned
assumptions when it is not. We first provide an
overview of the factors involved followed by a
working example.

Table 1. Fluid events model factors

Fluid events models the probability of strategy shift as the sum of factors:

Already Doing

Already Doing nullifies Task Shift in cases where the stimulus changes, but is now clearly biasing a strategy which the subject is

already using. Like Task Shift, this factor is task-specific. In the drawing task, it is used for the morph conditions (Figure 2d) in

Experiment 2, which progressively bias the subject towards a specific strategy. The value of this factor was between 0 and –0.1 in

71% of trials and evenly distributed between −0.1 and −0.5 otherwise.

Flexibility = F−10.1[H−1 − P(H )−1]
Flexibility is the base rate (i.e., prior probability) of strategy shift for the individual. It is initialized to 0 and updated according to the

learning rate (0.1) and error term for the previous prediction, H−1 − P(H )−1 where H−1 is 1 if strategy shifted on the previous trial

and 0 otherwise, and P(H )−1 is the output of RumRunner, i.e., the probability of shift on the previous trial.

Number of Strategy Shifts = 1.001−S − 1

S is the total number of strategy shifts by this individual (across all conditions). Number of Strategy Shifts is practically linear within

the range of S observed in the experiment;

f (S = 0) = 0; f (S = 20) � −0.02

Performance Dip = 1− 1.1−C−1

Where the decrease C = Smin − St−1/ Smax − Smin, where St−1 is the composite score on the previous trial and Smin, Smax are the

minimum and maximum scores from the 10 preceding St−1.

Performance Dip is practically linear within the range of C observed in the experiment;

f (C = 0) � 0.01; f (C = 1) � 0.17

Recently Shifted = −0.01R−R−1

Where R is the number of trials since the previous strategy shift.

Task Shift

This factor is task dependent and reflects recent changes in stimulus that might prompt shift in strategy. In the drawing task, Task

Shift is defined differently depending on how the stimulus is changing:

Degree of morph: the amount by which the current trial is “deformed” from the canonical shape (see Figure 2d ; Experiment 2 only).

Degree of rotation: the amount by which the stimulus in the current trial is rotated, compared to the previous trial (e.g., difference in

angles; Experiments 1 and 2).

The resulting distribution of Task Shift in the figure-drawing experiment approximates a one-sided normal distribution. Task Shift

was between 0 and 0.1 in 38% of trials, between 0.4 and 0.5 in 10% of trials, and greater than 0.6 in 1% of trials.

Time on Task = 1− 1.001−A−1

A is the total number of trials (across all conditions) completed by the individual. Time on Task is practically linear within the range

of A observed in the experiments;

f (A = 0) � 0.00; f (A = 80) � −0.08
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Event-structure factors

The fluid events model has three event-structure
factors that reflect characteristics of the event
itself and how a person could interact with it: (a)
Recent changes in event structure demands
(Environmental Change); (b) whether the current
action is suitable for new event (Already Doing);
and (c) Time on Task.

Environmental Change is any change in the event
structure that might prompt the need to alter the
action taken. For example, if a person goes from

driving down a dry road to driving down a snowy
one, then things such as speed, the timing of
braking, and following distance (should) change.
Alternatively, if a person goes from writing notes
on a piece of paper, to writing on a chalk board,
then how a person holds the writing device, and
perhaps the shapes of the letters, may change. This
factor is probably the most straightforward aspect
of the model as it is clear that when people are
faced with the different challenges of changing
events, theymay alter their behaviour to compensate

Figure 1. Overview of the fluid events model.
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for the event structure. In themodel, Environmental
Change is not a process per se, but an external influ-
ence on the likelihood of action shift, with the prob-
ability of shift increasing in proportion to the size of
the event change. There is no universalmetric for the
size of an event change, and so, as of now, it is cur-
rently situation-specific. Also, note that if there is no
change in the nature of the event, then this factor
does not contribute to the calculation of an action
shift probability.

Already Doing nullifies the effect of
Environmental Change in cases where the current
action is suitable for the task even after the event
characteristics change. So, this factor takes the
influence of Environmental Change out of the
computation of the probability of an action shift
when the current behaviour is appropriate. For
example, if a person has been driving slowly and
cautiously because they are lost, they may not
need to change their driving much because it has
started to snow. While this is arguably an experi-
ence-based factor (as it is dependent on what a
person is doing) it is grouped here with event-struc-
ture factors because it directly influences the impact
of any event biases (Environmental Change factor).
Hence, if a change in the nature of the ongoing
event biases people to continue their previous
action, it would make sense for them to continue
using it.

The third event-structure factor is Time on
Task. The longer a person has been doing a par-
ticular action, the greater the probability of
switching to a new one. As task familiarity
increases, a person comes to a deeper understand-
ing of the event structure, its limits, possibilities,
and operation, which allows for the realization
that other lines of action are possible. There is
not much empirical support for this component,
but it is theoretically useful and maps onto find-
ings that as people progress in an event, the
serial position of new information has a conse-
quence on processing (Stine-Morrow, Loveless,
& Soederberg, 1996). Time on Task is an
event-structure factor because at each point in
the interactive event, it is agnostic to a person’s
individual experiences. Here, Time on Task is
defined simply as the number of trials or events

relative to the current trial within a block of
trials. As such, this component is always involved
in determining the probability of a switch. Time
on Task is operationalized in the model as a
slow-moving power function that uses trial
number of duration in the larger event as its
input (see Table 1). A power function was selected
as a good place to start given that so many
psychological functions are often power functions,
such as psychophysical (e.g., Stevens & Galanter,
1957) and forgetting functions (e.g., Wixted &
Ebbesen, 1991).

Experience-based factors

In addition to aspects of the event structure and
demands influencing the probability of an action
switch, there are a number of factors unique to
each person’s experience at each moment that influ-
ence such shifting in the fluid events model. These
aspects involve experiences from previous trials, or
momentary processing in the current trial before
an action is taken (i.e., to switch or not). The experi-
ence-based factors are: (a) whether a person had
recently shifted actions (Recently Shifted); (b) the
number of times the person has already shifted
actions (Number of Action Shifts); (c) whether there
has been a recent dip in performance (Performance
Dip); and (d) the person’s intrinsic propensity to
try different kinds of actions based on his or her
history with the current task (Flexibility).

Recently Shifted captures whether there has
recently been an action switch. If so, then it is
less likely that a person will switch again in the
near future as people give each just-adopted
action a trial period to assess its effectiveness. A
person will persist with the new action to give it a
chance to improve performance. Note that this
factor is only operating when there is no significant
environmental change that could drive a change in
action apart from whether a change has been
recently made. There is no empirical support for
this factor that we know of, perhaps because it is
so intuitively plausible and makes sense theoreti-
cally. Because this component refers only to very
recent performance, it only has an influence when
a person has just shifted, or shifted a few trials

2056 THE QUARTERLY JOURNAL OF EXPERIMENTAL PSYCHOLOGY, 2015, 68 (10)

RADVANSKY ET AL.

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 o

f 
N

ot
re

 D
am

e]
 a

t 0
6:

27
 0

7 
Ja

nu
ar

y 
20

16
 



back. Otherwise it does not influence shift prob-
ability. This principle was implemented in the
fluid events model as a fast-moving power function
with a very strong influence immediately after a
strategy shift, which quickly decreases over time
(see Table 1). In contrast, the Time on Task
factor has the opposite effect of increasing the prob-
ability of an action shift over time, but over a longer
timeframe. The net effect is that each action is unli-
kely to be used for either a very short or very long
period of time.

Number of Action Shifts is based on the number
of times the person has already switched behaviours
since the start of the task: The more shifts that have
already occurred, the less likely that a person will
shift in the future. Because there are always a
certain number of lines of action that a person
has tried with a task, this component always has
an influence on the probability that an action
shift will occur. This is also implemented as a
power function of the number of strategies
already tried, with the earlier ones having a
greater influence than the later ones (see Table 1).
That is, while there is an influence of the number
of actions tried for a task, the fewer the actions
tried, the larger the influence that a new behaviour
attempt will have. Thus, as the number of different
ways of doing a task increases, there is a resulting
decrease in the cumulative influence of each
additional new one on action shifting.

Performance Dip increases the probability of an
action shift after a dip in performance. A decrease
in performance may motivate a person to move to
a new way of completing the task (Reder &
Schunn, 1999) to rectify the decrease in perform-
ance. That is, if a person notices that their perform-
ance is declining, they may be motivated to change
their action to improve. For example, if a person
notices that their car is slowing down because it is
getting stuck in the snow, this may motivate
them to try to give it some more gas. For the
fluid events model, the greater the performance
dip relative to how a person has been doing
recently, the greater the motivation for an action
change. The performance dip factor is operationa-
lized in the model as a power function, again
based on the extent to which the person’s

performance falls below the minimum level
attained in the recent past (that is, a small dip in
performance from the previous trial, but within
the range of recent performance, will not motivate
a person to change their behaviour in the ongoing
event). The greater the deviation from that
minimum, the greater the influence will be (see
Table 1). Because this component depends on
how performance on a given trial compares to
recent performance, it only has an influence on
the predicted shift probability when that dip is
outside of that recent range.

Finally, it is well known that there are individ-
ual differences in behaviour selection (e.g., Rakow,
Newell, & Zougkou, 2010), and so it seems likely
that there will be differences in the likelihood that
a person is predisposed to action switching, and
this likelihood is constantly changing as a result
of the unfolding experience. Thus, a person’s sen-
sitivity to a possibility of changing either increases
or decreases the probability of an action shift,
depending on the nature of the momentary bias.
This is operationalized in the fluid events model
simple-mindedly by having a running average of
the difference between the predicted probability
that a person will switch actions, and whether a
shift actually occurred. Note that while the
number of strategies factor varies with how long a
person has engaged with the task, the Flexibility
factor is a more stable continuous influence on
switching. Moreover, whether this component
leads to an increased or decreased probability of
switching depends on the nature of a person’s bias.

In addition to the major theoretical com-
ponents, there are some processes that the model
uses that are not components per se. For one, the
probability of a person switching actions is the
sum of the influences that are operating at that
time. As noted earlier, which components enter
into this probability is a function of the task and a
person’s recent experience. On most trials, many
components would not enter into this calculation.

Also, if there is a decision to switch actions, a
person goes through a process of behaviour selec-
tion. There is a large literature on how actions are
selected, but this is not the concern of the fluid
events model. It only notes that it happens.
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Finally, whether a person continues to use a prior
action or moves to a new one, the selection/switch-
ing for that trial is done (although we consider
doing nothing a strategy that would also influence
performance), and there will be some outcome of
taking this action.

OUR APPROACH

As noted, the fluid events model is a model that
predicts when people are likely to alter their behav-
iour by moving from one action to another. Given
this, we can identify three types of data that the
model can be applied to. The simplest is to apply
the model to the data types that have been typically
studied in which people comprehend events that
are presented to them and involve minimal inter-
action. An example of this would be when a
person is asked to indicate the event boundaries
in a narrative film (e.g., Newtson, 1973). The
model could be applied to these data, leaving out
the parts that reflect the efficacy of the selection
of the action (because there is none). At a middle
level is to apply the model to situations in which
people make responses and interact with the
events in some way, but the consequences of their
actions do not influence the subsequent events.
This is the situation in many cognitive experiments
in which people make responses on a trial-by-trial
basis, and the response on a given trial does not
influence what will be present on the next trial.
Finally, at the most complex level, are situations
in which people make responses to what is going
on in the unfolding events, and the consequents
of their actions changes those events, and how
they unfold, such as when one plays a game.

For the purposes of this initial presentation of
the fluid events model, we have elected to go with
the middle level. The simplest level is simply too
simple. The aim of the model is to track changes
in response types, and there are just too few oppor-
tunities to do this in those cases. Furthermore, the
most complex level is not desirable because it is too
difficult to track what is going on, with the unfold-
ing events varying for each person. As such, the
middle level is the most appropriate path to take

for this initial exposition as it allows for an assess-
ment of many of the elements of the model that
can influence a change in action during a task,
but there is not the complexity of an unstructured,
open-ended research task. That said, it should be
noted that we have successfully applied the model
to data from both the simplest (stock trading and
event segmentation) and most complex levels
(interactive virtual environments), and we will be
seeking to report our findings in the future.

EXAMPLE FLUID EVENT MODEL
PROCESS

To illustrate how the fluid event model operates, we
have two examples from our Figure Eight Drawing
Task (detailed below). In this task, people are asked
to copy a figure eight on a computerized drawing
surface. The environmental change is the nature
of the figure eight (i.e., whether it is symmetrical
or more like a hand-drawn figure, whether the
two loops overlap, and such). The three behaviours
available to people are to (a) start at the extreme top
of the figure, (b) start in the middle of the figure at
the crossing point, or (c) make two separate circles.
We go through two examples. The first involves an
environment that is relatively stable, and the second
a change in the environmental structure.

In the first example, people are given 10 trials in
which they are asked to draw a copy of a model
figure eight. This model is a standard symmetrical
version of the figure. The values and influence of
the various components on each of the 10 trials is
shown in Table 2. In addition to the components
used by the fluid event model to make its calcu-
lations, this table also includes information about
this person’s composite score on the task (detailed
below), from which the performance dip com-
ponent was derived. Also included is information
about the number of components contributing to
the prediction, the computed prediction, whether
a person actually changed behaviours or not (1 or
0, respectively), and the behaviour used on that
trial (1= extreme, 2= two circles, and 3=
middle). Note that for this example, because there
was no change in what was to be drawn,
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Table 2. Sample output from two runs

Example Trial

Environ.

Change

Already

Doing

Time on

Task

Recently

Shifted

Number of

Shifts

Composite

Score

Performance

Dip Flexibility

No. of

Components Prediction Switch? Action

Example 1 1 .1 0 .001997004 0 0 .264974 0 0 3 0 0 1

2 0 0 .00299401 0 0 .394507 0 0 2 .00299401 1 3

3 0 0 .00399002 −.01 −.000999001 .440893 0 .099700599 3 .092691618 0 3

4 0 0 .004985035 −.00125 −.000999001 .430335 0 .090431437 3 .093167471 0 3

5 0 0 .005979056 −.000123457 −.000999001 .45358 0 .08111469 3 .085971288 0 3

6 0 0 .006972084 0 −.000999001 .00425382 0 .072517561 2 .078490644 1 1

7 0 0 .00796412 −.01 −.001997004 .463452 .515654393 .164668497 5 .676290005 1 3

8 0 0 .008955165 −.01 −.00299401 .471516 0 .197039496 4 .193000651 0 3

9 0 0 .009945219 −.00125 −.00299401 .456262 0 .177739431 4 .183440641 0 3

10 0 0 .010934285 −.000123457 −.00299401 .422926 0 .159395367 4 .167212185 0 3

Example 2 1 0 0 .001997004 0 0 .448827 0 −.129164771 3 0 0 2

2 0 0 .00299401 0 0 .440992 0 −.129164771 2 0 0 2

3 0 0 .00399002 0 0 .408417 0 −.129164771 2 0 0 2

4 0 0 .004985035 0 0 .43188 0 −.129164771 2 0 0 2

5 0 0 .005979056 0 0 .422833 0 −.129164771 2 0 0 2

6 .05 0 .006972084 0 0 .414763 0 −.129164771 3 0 0 2

7 .1 0 .00796412 0 0 .440123 0 −.129164771 3 0 0 2

8 .15 0 .008955165 0 0 .433978 0 −.129164771 3 .029790394 0 2

9 .2 0 .009945219 0 0 .441398 0 −.13214381 3 .077801409 0 2

10 .25 0 .010934285 0 0 .405769 0 −.139923951 3 .121010334 0 2

11 .3 0 .011922363 0 0 .392285 .119701425 −.152024984 4 .279598803 0 2

12 .35 0 .012909453 0 0 .430435 .123116264 −.179984865 4 .306040853 0 2

13 .4 0 .013895558 0 0 .429009 0 −.21058895 3 .203306608 1 1

14 .45 −.45 .014880677 0 −.000999001 .417839 0 −.130919611 2 0 0 1

15 .5 −.5 .015864812 0 −.000999001 .426812 0 −.130919611 2 0 0 1

16 .5 −.5 .016847964 0 −.000999001 .422668 0 −.130919611 2 0 0 1

17 .45 −.45 .017830134 0 −.000999001 .399429 0 −.130919611 2 0 0 1

(Continued overleaf )
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Environmental Change, and hence Already Doing
as well, can only be 0.

As can be seen, there was an influence of the
Time on Task from the beginning and the
Flexibility measure on each prediction for each
trial after the first two trials. On Trial 1, the pre-
diction is set to zero because there is no infor-
mation on which to base a prediction. For that
first trial, the person drew a figure eight using
the “extreme” action. There are three com-
ponents involved. These are Environmental
Change, because the task is starting, Time on
Task, and Flexibility. Flexibility is included
here, even though the value is 0, because a
person is always influenced by their biases, even
though at this point nothing is known, and the
value is set to 0. The prediction is forced to 0
because a change from nothing is meaningless.
On Trial 2, there are only two factors involved
(Time on Task and Flexibility, which are
always involved), and because Flexibility cannot
yet be defined, it is still 0, and so the prediction
is the same as the Time on Task value
(.00299401). Although this value is low, the
person elected to try to draw using the start in
the middle action. On Trial 3, there are three
factors involved. These are Time on Task,
Flexibility, and Recently Shifted, with the
third factor being involved because the
person had changed actions on the trial before.
The prediction is the sum of the four values for
these three components (.00399002 −
.01 − .000999001+ .099700599= .092691618).
Note that now that there has been a shift in
actions, the number of shifts component now
has an influence. After Trial 3, the person con-
tinues on a steady course until Trial 6, with a
prediction level of .078490644, on which the
person switches back to the “extremes” action.
The result of this change was a big dip in perform-
ance as indexed by the composite score. Because of
this, on Trial 7 there are five factors operating:
Time on Task and Flexibility, as usual, as well as
Recently Shifted, number of shifts, and
Performance Dip. The probability of a change in
action is the sum of these factors:
(.00796412+ .164668497 − .01 − .00199704T

ab
le
2
.

C
on
ti
n
ue
d

E
xa
m
pl
e

T
ri
al

E
n
v
ir
on
.

C
ha
n
ge

A
lr
ea
dy

D
oi
n
g

T
im

e
on

T
as
k

R
ec
en
tl
y

S
hi
ft
ed

N
um

be
r
of

S
hi
ft
s

C
om

po
si
te

S
co
re

P
er
fo
rm

an
ce

D
ip

F
le
xi
bi
li
ty

N
o.
of

C
om

po
n
en
ts

P
re
di
ct
io
n

S
w
it
ch
?
A
ct
io
n

1
8

.4
−.

4
.0
1
8
8
11
3
2
3

0
−.

0
0
0
99
9
0
0
1

.3
9
2
6
72

.2
2
3
06
3
8
1
1

−.
1
3
0
91
9
6
1
1

3
.1
0
9
9
56
5
2
2

0
1

1
9

.3
5

−.
3
5

.0
1
9
7
91
5
3
1

0
−.

0
0
0
99
9
0
0
1

.4
6
7
6
34

.1
1
2
04
0
2
1

−.
1
4
1
91
5
2
6
3

3
0

1
2

2
0

.3
0

.0
2
0
7
70
7
6

0
−.

0
0
1
99
7
0
0
4

.4
5
1
6
21

0
−.

0
4
1
91
5
2
6
3

4
.2
7
6
8
58
4
9
4

0
2

2
1

.2
5

0
.0
2
1
7
49
0
1
1

0
−.

0
0
1
99
7
0
0
4

.4
3
3
8
29

0
−.

0
6
9
60
1
1
1
2

4
.2
0
0
1
50
8
9
5

0
2

2
2

.2
0

.0
2
2
7
26
2
8
5

0
−.

0
0
1
99
7
0
0
4

.4
2
4
1
85

0
−.

0
8
9
61
6
2
0
2

4
.1
3
1
1
13
0
7
9

0
2

2
3

.1
5

0
.0
2
3
7
02
5
8
3

0
−.

0
0
1
99
7
0
0
4

.4
0
4
9
13

0
−.

1
0
2
7
27
5
1

4
.0
6
8
9
78
0
6
9

0
2

2
4

.1
0

.0
2
4
6
77
9
0
5

0
−.

0
0
1
99
7
0
0
4

.4
0
1
2
72

.1
2
8
54
0
1
1
1

−.
1
0
9
62
5
3
1
7

5
.1
4
1
5
95
6
9
5

0
2

2
5

.0
5

0
.0
2
5
6
52
2
5
2

0
−.

0
0
1
99
7
0
0
4

.3
7
0
6
19

.0
9
7
63
8
2
9
5

−.
1
2
3
78
4
8
8
6

5
.0
4
7
5
08
6
5
7

0
2

2
6

0
0

.0
2
6
6
25
6
2
7

0
−.

0
0
1
99
7
0
0
4

.4
3
2
7
6

.1
6
8
93
4
2
9
9

−.
1
2
8
53
5
7
5
2

4
.0
6
5
0
27
1
7

0
2

2
7

0
0

.0
2
7
5
98
0
2
9

0
−.

0
0
1
99
7
0
0
4

.4
6
6
8
98

0
−.

1
3
5
03
8
4
6
9

3
0

0
2

N
ot
e:
E
n
vi
ro
n
.
C
h
an
ge

=
E
n
vi
ro
n
m
en
ta
l
C
h
an
ge
.

2060 THE QUARTERLY JOURNAL OF EXPERIMENTAL PSYCHOLOGY, 2015, 68 (10)

RADVANSKY ET AL.

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 o

f 
N

ot
re

 D
am

e]
 a

t 0
6:

27
 0

7 
Ja

nu
ar

y 
20

16
 



+ .515654393= .676290005), which also
happens to result in another change in behaviour
back to the middle action.

In the second example, people drew figure eights
in which the figure slowly morphed from a sym-
metrical figure eight into one that appeared more
like a written figure eight, starting on Trial 6. The
morphing was complete by Trial 15. After that,
thefigure startedmorphing back to its original, stan-
dard state. This morphing was done by Trial 25.
There were then two more trials with the standard
form. Note that in this example, the Time on
Task, number of shifts, and Flexibility components
reflect a large number of trials that have preceded
this particular condition in the study. Also note
that in this study, the trials appeared to be continu-
ous from the participants’ point of view, with no
clear break between conditions.

The calculation of probabilities is done as in the
first example. However, there are a number of
differences to note here. First, when there is an
actual change in the environment, there will be
no influence of the Recently Shifted factor.
Second, in addition to the inclusion of an influence
of the current event state on performance, because
the strategy a person used on the previous trial
may be more appropriate for drawing this kind of
figure eight, there is now a contribution of the
Already Doing component, which removes the
contribution of the Environmental Change com-
ponent on Trials 14–19. Also, note that if the pre-
diction based on the sum of the components was
negative, then the prediction was set to zero.

OVERVIEW OF THE DATA SETS

To assess how well the fluid event model predicts
strategy shifts, it was fit to four data sets: two from
a study of figure drawing, a third from a higher
level decision task, and a fourth from a standard lab-
oratory decision-making task. In each of these cases,
each trial can be considered a separate event. What
people must do is asses the structure of the current
event, how it varies from the recent ones, and how
they have been doing across a number of trials.

Figure Eight Drawing Task (1 and 2)

In the Figure Eight Drawing Task (Morgan et al.,
2011), people were given a series of figure eights
to trace (or, in some conditions, draw elsewhere
on the screen) using a digital drawing tablet (see
Figure 2a). The standard figure to be drawn
was two stacked circles (resembling a figure
eight), and different variations were presented in
two experiments. These experiments used a
within-subjects design in which people engaged
in all conditions. In one experiment (Figure
Drawing 1), the independent variables were the
angle of rotation (see Figure 2b), the size of the
figure, whether the figure was traced or drawn
separately, whether a person could see what they
were drawing, a horizontal eight that was rela-
belled as an infinity sign, and so on. From this
data set, three drawing strategies were identified
(Figure 2c). These were (a) circles, in which a
person drew two circles using two strokes, (b)
middle, in which a person started at the intersec-
tion of the circles and drew the figure in a single
stroke from there, and (c) extreme, in which a
person started anywhere except the intersection
of the circles and used a single stroke from
there. Together, these three strategies accounted
for over 98% of all trials.

In a second experiment (Figure Drawing 2), the
independent variables were the angle of rotation,
whether the figure was drawn or traced, and three
conditions in which the figure eight was slowly
altered over the course of 12 trials to encourage one
of three strategies (the morph conditions; see
Figure 2d). To encourage the circles strategy, the
two circles that made up the figure eight were
slowly separated. To encourage the extreme strategy,
the figure was altered so that it was less symmetrical
and more hand-drawn. Finally, to encourage the
middle strategy, the figure was altered such that
lower left part was disconnected from the intersec-
tion and slowly moved away. After data collection,
it was apparent that this did not encourage people
to use a strategy in which they started at the middle
crossing point. Instead, people were beginning
with the hook end that was separated out. This was
relabelled as the hook strategy. Finally, there was a
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jumble condition in which stimuli from the various
prior conditions were randomly presented.

There were 74 participants in the Figure
Drawing 1 data set and 83 in the Figure Drawing
2 data set. Participants were undergraduates
recruited from the University of Notre Dame and
the University of Memphis. The Figure Drawing
1 data set yielded 31,529 trials in 12 conditions,
while there were 14,608 trials across eight con-
ditions in the Figure Drawing 2 data set. The base
probabilities of trial-level strategy switch were .240
and .244 in Data Sets 1 and 2, respectively.

The various conditions that each participant was
exposed to, as well as the rate at which the different
actions were taken, are shown in Tables 3–4.

Although there is some variation across conditions,
what is important for our current purposes is that
there was not uniformity in performance. People
did take different actions while doing the task,
allowing us to assess our model’s ability to predict
when action changes would occur. An important
difference between the experiments was that the
stimulus was largely stable in Figure Drawing 1
(with the exception of minor changes in the angle
of the target figure to eliminate practice effects),
but greatly varied in Figure Drawing 2 (i.e., the
morph and jumble conditions). Consequently, the
fluid events model predicts greater importance for
task-based factors in Figure Drawing 2 than in
Figure Drawing 1.

Figure 2. Set-up for figure drawing data sets.
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Making Choices

While the Figure Eight task was a low-level per-
ceptual-motor task, Making Choices was a high-
level decision-making task where people made a
series of choices. On each trial, a person selected
their daily choice for their house temperature
setting, how they would listen to music, how they

would watch a movie, and which snack they
would eat. The choices for the temperature
option were 62, 64, 66, 68, 70, 72, 74, 76, 78,
and 80 degrees. The choices for the music option
were radio, on CD, buy CD, on iPod, download,
and live music. The choices for the movie option
were TV, Redbox, Blockbuster, download, dollar
theatre, and theatre. Finally, the choices for snack
were apple, banana, cookie, chips, and Cold
Stone (an ice cream parlour).

Table 3. Action selection in the Figure Drawing 1 study for each of

the possible actions

Condition Circles Middle Extreme None

Accuracy .289 .234 .473 .003

Draw random angle .585 .168 .208 .040

Random angle .209 .067 .706 .018

Random size .198 .094 .702 .006

Infinity .149 .095 .747 .009

No ink .182 .075 .721 .021

Random ISI .172 .210 .602 .015

Random timeout .223 .174 .590 .013

Speed .224 .250 .506 .020

Note: Circles refers to drawing the figure eight using two circles;

middle refers to drawing the figure eight by starting in the

middle of the figure; extreme refers to drawing by starting at

an extreme end of the figure (see Figure 2); and none refers

to taking an action that did not conform to one of these

three categories. The various conditions were used to

change the nature of the task to encourage people to

consider different ways of doing the task. For the

conditions, accuracy referred to a condition in which

performance was explicitly based solely on how accurately a

person traced the figure; draw random angle referred to a

condition in which a person had to draw a copy of the

figure on a separate panel, and the figure was presented at

some randomly determined angle of rotation; random angle

referred to a condition in which a person had to trace the

figure that appeared at a random angle from the upright;

random size referred to a condition in which a person had to

trace a figure that randomly varied in size; infinity referred

to a condition in which the figure was labelled as an infinity

sign rather than a figure; no ink referred to a condition in

which the person had to trace the figure, but did not see

any line on the tablet indicating their performance as if they

were tracing with a pen that had no ink; random ISI

(interstimulus interval) referred to a condition in which the

delay between trials was randomized to minimize a person

being able to anticipate when the next figure would appear;

random timeout referred to a condition in which the trial

would abruptly end at unexpected times; and speed referred

to a condition in which performance was explicitly based

solely on how quickly a person could trace the figure.

Table 4. Action selection in the Figure Drawing 2 study for each of

the possible actions

Condition Circles Middle Extreme None

Practice .224 .108 .647 .019

Baseline .269 .112 .598 .020

Draw random angle .682 .125 .158 .034

Random angle .238 .076 .677 .008

Morph circle .544 .054 .386 .015

Morph middle .101 .486 .407 .006

Morph extreme .150 .049 .795 .006

Jumble .291 .228 .474 .007

Note: Circles refers to drawing the figure eight using two circles;

middle refers to drawing the figure eight by starting in the

middle of the figure; extreme refers to drawing by starting at

an extreme end of the figure (see Figure 2); and none refers

to taking an action that did not conform to one of these

three categories. The various conditions were used to

change the nature of the task to encourage people to

consider different ways of doing the task. For the

conditions, practice referred to a condition in which people

practised tracing the figure eight; baseline referred to a

condition in which people were simply asked to trace

a figure eight repeatedly; draw random angle referred to a

condition in which a person had to draw a copy of the

figure on a separate panel, and the figure was presented at

some randomly determined angle of rotation; random angle

referred to a condition in which a person had to trace the

figure that appeared at a random angle from the upright;

morph circle referred to a condition in which the two parts of

the figure eight gradually separated over trials to encourage

people to use a two-circles action; morph middle referred to a

condition in which the figure eight gradually changed over

trials to encourage people to use a middle action; morph

extreme referred to a condition in which the figure eight

gradually changed over trials to look more like a hand-

drawn figure eight to encourage people to use the extreme

action; and jumble referred to a condition in which people

were presented with figure eights randomly drawn from the

random angle, morph circle, morph middle, and morph

extreme conditions.
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At the beginning of the study, people were
asked to select their ideal preference for each of
these three choices. Then, on each trial of the
primary task, people were asked to make choices
for each of these options to maximize their
score. The score was derived using three basic
components: (a) the most economical choice, (b)
a hedonistic ideal, and (c) the time to respond.
The most economical choices for each of the
options were: temperature: 62 degrees (in
winter); music: radio; movie: TV; and snack:
chips. To calculate the hedonistic ideal, we took
the difference between the quality of life value
(derived from the economical choice and hedonis-
tic ideal) and their current choices on the present
trial and the scores from their initial preferences;
that is, there was no preset standard of preference.
The default options presented by the task were:
temperature: 72; music: live music; movie:
theatre; and snack: Cold Stone. Finally, the per-
formance score was influenced by how long it
took a person to complete a trial, with the score
decreasing with longer response times.

Participants were 36 people who volunteered for
monetary compensation on Amazon Mechanical
Turk™ (AMT). All participants who completed
the study were paid $1.75. The Making Choices
data set contained 1404 valid observations with a
switch rate of .529.

The rate at which the different actions were
taken, in terms of the number of components
altered from trial to trial, are shown in Table 5.
Again, for our purposes, there was sufficient varia-
bility in performance, with people taking different
actions while doing the task allowing us to assess
our model’s ability to predict when action changes
would occur.

For this task, we identified five strategies: (a) no
change from what was done on the previous trial, (b)
single change in which a person changed the value
for one choice compared to the previous trial, (c)
some change in which a person changed the values
for two or three of the choices compared to the pre-
vious trial, (d) change all in which all of the values
were changed compared to the previous trial, and
(e) speed in which a person completed all of the
choices at a speed of 8 seconds or less.

Binary Prediction

The Binary Prediction task is an experimental para-
digm in which a person predicts which of two
options will be correct on the current trial when
one option is more likely than the other
(Goodnow, 1955; Humphreys, 1939; see Vulkan,
2000, for a review). In the current study, we used
a variant of this task in which a person has three
choices, in which the third choice is not to make
a choice, but to only observe (e.g., Rakow et al.,
2010; Tversky & Edwards, 1966). One advantage
of this is that it provides an additional layer of
information to assess how people are going about
the task. We can evaluate how much time people
spend observing during a block, and how often
they stop making selections, but go back to
observing.

For this task, people were presented with a series
of trial blocks.During each block, a person needed to
guess which of two boxes would light up on the next
trial. Therewere three types of responses: (a) left box,
(b) right box, and (c) observe. If the correct selection
was made, a person received a point. If the incorrect

Table 5. Action selection in the Making Choices study for each of the

possible actions

Action Proportion of trials

No change .087

Temperature only .064

Snack only .041

Music only .046

Video only .055

2–3 Changes .369

Change all .171

Speed of responding .167

Note: No change refers to trials in which the same options were

chosen as on the previous trial. Temperature, snack, music,

and video only conditions refer to trials on which only one

of these dimensions was changed from the previous trial. 2–

3 changes refers to trials on which a person altered two or

three of the dimensions from the previous trial. Change all

refers to trials on which a person changed all four values

from what was entered on the previous trial. Finally, speed of

responding refers to trials in which the same selections were

made as on the previous trial, but these were made at a

significantly faster rate of speed to take advantage of the fact

that scores involved the speed with which a person responded.
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selection was made, a person lost a point. If the
observe selection was made, the score was
unchanged. There were 100 trials per block.
Within each block, one of the boxes was more
likely to light up. The probabilities that themore fre-
quent box lit up were .55, .60, .65, .70, .75, and .80,
with each person receiving all six possibilities across
all six blocks. The order of the blocks was random-
ized for each person. People were explicitly told
that one of the boxes would light up more often
than the others, and they were encouraged to try to
maximize the score on each block. Responses were
made by clicking on one of three buttons on a com-
puter screen. In addition to response selections,
response times were also recorded to provide a
rough measure of planning time.

Thirty-five people from the subject pool in the
Department of Psychology at the University of
Notre Dame participated in this task. They were
compensated with partial course credit. The data
from one person were dropped for failing to
follow the instructions, leaving data for 34 people.
The Binary Prediction data set contained 20,400
valid observations with a switch rate of .227.

The rate at which the different actions were
taken, in terms of the types of responses made
across the various conditions, is shown in Table 6.
Again, for our purposes, there was sufficient varia-
bility in performance, with people taking different
actions while doing the task.

QUICK HITS

Before doing the more refined analyses we take a
quick look at how well the model does at predicting
the probability of an actual shift. For each of the
four tasks we computed point-biserial correlations,
as shown in Table 7, comparing the predicted
probability of an action shift with whether such a
change actually occurred. As can be seen, these
were positive and reasonably large. Moreover, as
also shown in the table, we randomized the action
change data and compared these with the predicted
values and found no relationship, showing that the
model is making meaningful predictions and not
simply imposing structure on any data set.

Lastly, we went a step further and placed the
trials into 11 bins based on the prediction of
the model (i.e., 0, .1, .2, . . . 1.0) and took the
average actual shift rate. For example, if the
model predicted values from .25 to .34999, these
were placed in the .3 bin. Then we assessed the
rate at which people actually shifted on those
trials. Ideally there would be a direct correspon-
dence for these two scores. So, for example, for
the .3 model prediction probability bin, people
would make action shifts 30% of the time. The
probability graphs for the Figure Drawing 1,
Figure Drawing 2, Making Choices, and Binary
Prediction tasks are shown in Figure 3a–3d,
respectively, along with best fitting linear functions.
As can be seen, the model, while not perfect, made

Table 6. Action selection in the Binary Predictions study across the

various conditions

Response choice Condition

.55 .60 .65 .70 .75 .80

More frequent

option

.614 .725 .782 .848 .899 .934

Observe .144 .139 .121 .119 .085 .087

Note: The various conditions were defined by the proportion of

trials on which the more frequent option (left or right) was the

correct option. This varied from .55 to .80. The more frequent

option refers to the proportion of times people selected the

more frequent option for each condition for those trials in

which observation was not done. The ideal would be to

select that option all of the time. Observe refers to the

proportion of trials in which a person would mere observe

which of the two options was correct.

Table 7. Point-biserial correlations comparing the fluid events

model prediction with actual action shifts, as well as a randomized

reordering of those shifts

Shifts

Model Actual Randomized

Figure Drawing 1 .377 .001

Figure Drawing 2 .414 −.001

Making Choices .212 −.003

Binary Prediction .397 .008

THE QUARTERLY JOURNAL OF EXPERIMENTAL PSYCHOLOGY, 2015, 68 (10) 2065

THE FLUID EVENTS MODEL

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 o

f 
N

ot
re

 D
am

e]
 a

t 0
6:

27
 0

7 
Ja

nu
ar

y 
20

16
 



relatively consistent predictions when the data were
assessed in this way.

So, at first glance, the model does a good job, at
least in its consistency. As such, we were motivated
to explore these data sets further.

MODEL FITTING

The fluid events model was applied to the four data
sets. The internal parameters of the model (con-
stants in Table 1) did not change across data sets.

Figure 3. Plots of the fluid event model predictions, sorted into bins of tens, compared with the actual action switching performance, along with

best fitting linear (left) and quadratic functions (right) for the (A) Figure Drawing 1, (B) Figure Drawing 2, (C) Making Choices, and (D)

Binary Prediction data sets.
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The model yields a prediction (sum of individual
factors) of the likelihood that a person will switch
actions on each trial. To convert this prediction
into a binary yes (1) or no (0) decision, we could
have selected an appropriate threshold, which
equates to using a step function for decision
making. In lieu of this simplistic approach, a logis-
tic function was used to convert the model’s predic-
tions into a binary yes/no decision. So, a logistic
regression model was used to predict the probability
of action switching (1= switch, 0= no switch) at
the trial level from the factors in the model.

Five models were constructed to study the be-
haviour of the fluid events model. Model 1 was a
control or null model that included the specific
conditions in the data sets and the current trial
number as predictors. The question is whether
the fluid events model can predict action switches
net of this null model. Model 2 was the fluid
events sum model, where the predictor was the
sum of the seven individual factors; this is the
primary model of interest. Model 3 was the fluid
events individual model that included all seven
factors as individual predictors rather than using
their sum as in the fluid events sum model. This
was done to test whether there were added benefits
to using the logistic regression framework to assign
weights to the individual factors. The last two
models individually considered the event-structure
and experience-based factors to compare their pre-
dictive power. Specifically, Model 3, or the fluid
events event-structure model, included the
Environmental Change, Already Doing, and Time
on Task factors, while Model 5, or the fluid events
experience model, included the Recently Shifted,
Number of Action Shifts, Performance Dip, and
Flexibility factors. This design affords comparisons
of the fluid events models to the null models
(Models 2–5 vs. 1), the event-structure and experi-
ence models (Models 4 vs. 5), the combined event-
structure and experience models to the individual
models (Models 2–3 vs. 4–5), and summative
factor model to individual factor model (Models 2
vs. 3).

Model construction was done along these guide-
lines with the following exceptions. The Already
Doing factor was excluded from the Figure
Drawing 1 and Making Choices models because
we did not bias any particular strategy in those
tasks. The Environmental Change factor was
excluded from the Making Choices models
because the environment did not change.

A tolerance analysis was done to detect potential
multicollinearities prior to constructing the logistic
regression models. With the exception of Actions
Tried, Time on Task, and Flexibility,2 tolerance
values of the remaining factors exceeded or were
very close to the recommended value of .40
(Allison, 1999). This indicates thatmulticollinearity
was not a major concern with the predictor set and
that the factors are contributing unique information.

A leave-one-participant-out cross-validation
strategy was adopted to ensure that the models gen-
eralized to new participants. This was done as
follows. Assuming a data set with N participants,
a model was built from the combined data of N
− 1 participants (training data) and was used to
generate predictions on the data from the “held-
out” participant (testing data). This process was
repeated N times so that each person was “held-
out” once. The predictions generated on all of the
“held-out” test participants were then analysed to
compute performance metrics. Thus, the training
and testing data were always independent at the
participant level, which ensures generalizability to
new people from the same demographics.

MODEL ACCURACY

Receiver operating characteristic (ROC) curves
were constructed for the 20 models. These curves
were constructed from two trial-level data streams
—the probability of a switch from a logistic
regression model (ranges from 0 to 1) and
whether there was an actual switch or not (1 or
0). An example ROC curve for the Figure
Drawing 1 data set is shown in Figure 4. The

2For these three variables, 7 out of the possible 12 tolerance values (3 factors× 4 data sets) were below the .40 threshold (087, .152,

.218, .215, .256, .269, and .245).
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AUC (area under the ROC curve) metric was used
to evaluate model fit and is presented in Table 8.
An AUC of 1 indicates perfect accuracy, while an
AUC of .5 indicates chance performance.

Three major conclusions can be drawn. First,
the fluid events sum model outperformed the null
model (condition+ trial number) across all four
data sets. On average, this model yielded a 22%
improvement in performance when compared to
the null model. Second, optimizing weights of
individual factors (i.e., the fluid events individual
model) resulted in a small 4% improvement over
the basic model that sums all factors. Third, the
fluid events experience factors were the major
driver of model performance compared to the

event-structure factors. In fact, models built solely
from the three event-structure factors rarely outper-
formed the null models. Thus, according to the
model, much of what is driving a person’s perform-
ance in these cases is their prior experience, not
aspects of the task itself. Finally, with the exception
of the Figure Eight Drawing 2 study, combining
the event-structure and experience factors resulted
in negligible improvements because the experience
factors were the major drivers of performance.

The analyses proceeded by taking a closer look at
the fluid events individualmodels as they encompass
all factors and resulted in the best overall perform-
ance. Classification tables were obtained by compar-
ing the predictions generated by these models to

Figure 4. Receiver operating characteristic (ROC) curves for Figure Drawing 1 data set (FE= fluid events).

Table 8. AUC for models

Model Figure Draw 1 Figure Draw 2 Making Choices Binary Prediction Mean

Null .576 .693 .519 .595 .596

FE sum .759 .759 .615 .767 .725

FE individual .812 .781 .651 .777 .755

FE environment .547 .718 .519 .509 .573

FE experience .801 .696 .650 .773 .730

Note:AUC= area under receiver operating characteristics curve. Chance performance would obtain

an AUC of .5. FE= fluid event; Figure Draw = Figure Drawing.
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observed action shifts. The logistic regressionmodel
provides a probability of an action switch, and these
needed to be converted into binary yes/no switch
decisions. A threshold of .5was adopted to discrimi-
nate switches (p. .5) from nonswitches (p, .5).
Optimal thresholds were also selected form the
ROC curves, but these did not substantially differ
from .5.

The classification tables are given in Table 9.
The models accurately predicted action switches
in about 67% of the cases in both figure drawing
data sets, exceeding the 24% base rate of strategy
shifting. Accuracy was also moderate for the
Binary Prediction data set, when one factors in
the modest base rate of 22%. Alternatively, accuracy
was lower for the Making Choices data set given
the somewhat higher switch base rate of 53%.
The models also accurately predicted when a
person uses the same action with an average accu-
racy rate of 80% in both figure drawing data sets.
Accuracy of predicting no action switch was 70%
for Binary Prediction and 60% for Making
Choices. Taken together, classification accuracy
(computed from the diagonals of the classification
tables) was 75.2%, 72%, 61.6%, and 71%, for
Figure Drawing 1, Figure Drawing 2, Making
Choices, and Binary Prediction data sets, respect-
ively. This lower accuracy associated with the
Making Choices data set is partially attributable

to the small size of the Making Choice data set
(approximately 1000 trials compared to 14,000 to
30,000 trials in others).

There were noticeable differences in the base
rates of strategy switching in the four data sets.
To correct for these base rate biases, we computed
kappas from the classification tables presented in
Table 9. The kappa statistic provides an assess-
ment of how accurately the model predictions
align with actual observations after correcting for
random guessing. Kappas were .404, .386, .231,
and .329 for Figure Drawing 1, Figure Drawing
2, Making Choices, and Binary Prediction data
sets, respectively. Thus, the fluid events model
predicts when an action shift will occur on a
trial-by-trial basis with a mean accuracy that is
34% above chance.

In addition to trial-by-trial action switch predic-
tion, it is also informative to obtain an overall rate
of switching for a given person. This is an easier
task because we are interested in how many
switches occurred rather than when switches
occurred. Correlations between the fluid events
individual model’s switch rates and overall switch
rates, computed at the participant level, were
remarkably high for all four data sets (rs from
.955 to .996). In contrast, correlations for the null
model were zero or even negative (rs from −.336
to .013). Figure 5 shows scatter plots of actual

Table 9. Classification tables for fluid events individual model

Figure Drawing 1 Figure Drawing 2

Predicted Predicted

Observed No switch Switch Observed No switch Switch

No switch 82.7 17.3 No switch 76.6 23.4

Switch 32.3 67.7 Switch 32.6 67.4

Making Choices Binary Prediction

Predicted Predicted

Observed No Switch Switch Observed No switch Switch

No switch 59.3 40.7 No switch 69.9 30.1

Switch 36.2 63.8 Switch 28.4 71.6

Note: Values are percentages.
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versus predicted switch rates from the Figure
Drawing 1 data set.

GENERAL DISCUSSION

This paper presents the fluid events model, which
predicts when a person is likely to abandon one
strategy of dealing with an interactive event for
another. This model does not predict which behav-
iour will be selected; it focuses on assessing the
probability of an action shift within the same
task. The fluid events model integrates numerous
factors that are known or hypothesized to affect
the probability of a person changing the actions
they take within an event.

The fluid events model has some event-specific
aspects that are part of the structure of a given
event. It is applied to a task by defining metrics
for: (a) variations in event structure (i.e. the Event
Shift model factor); (b) variations among responses
(a shift is defined by discontinuity between succes-
sive responses); and (c) positivity/negativity of feed-
back (to identify performance dips or sustained lack
of improvement).

The fluid events model was applied to two data
sets from a low-level drawing/tracing task, one data

set from a high-level decision-making task, and one
data set from a standard laboratory decision-
making task. After fitting the model to the data,
it was found to be reasonably accurate in predicting
strategy shifts. No small subset of factors was suffi-
cient to make accurate predictions, although
performance was largely driven by the experience-
based factors, and statistical analysis did not find
excessive mutual dependency among the factors.
Instead, the model was able to cleanly and robustly
predict a range of situations that can influence
whether a person will switch strategies while
engaged in a task. This involvement of a complex
set of factors is what would be expected in real-
world situations.

A salient point to note about the current assess-
ment was the relatively stronger role that a person’s
experience had on the likelihood of strategy shift-
ing, and that this appeared to play a larger role
than did factors about the nature of the event struc-
ture itself. This highlights an idea that there is
variability in how people approach an event and
how they attempt different strategies, and that
this can vary with their prior experience of similar
events and how their performance has changed
over time. Thus, there appears to be a strong
internally based aspect to persistence and

Figure 5. Scatter of actual versus predicted switch rates for fluid events and null models for Figure Drawing 1 data set.
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switching. This information can be used to either
facilitate or thwart a given person’s performance
on a task. For example, performance can be facili-
tated by knowing what sequence of experiences a
person would need to explore different ways of
doing a task, thereby accelerating the acquisition
of expertise in a domain. Alternatively, knowing a
person’s experience as she or he progresses may
allow one to thwart an opponent by either baiting
them to switch strategies in a situation where it
may be maladaptive or exploiting the likelihood
that a person will persist with a current strategy
when it has become suboptimal.

Application to event cognition more broadly

In this paper, we applied the model to tasks with
discrete trials, action switching ranged from being
infrequent to frequent, and the model was assessed
in terms of a binary switch in action. In addition to
tasks that lend themselves to this sort of analysis, we
have successfully applied the model to an analysis of
actual stock trading data from over a five-year
period, fewer interactive situations involving the
segmentation of narrative text and film events
during comprehension, and interactive events in
which the consequences of one’s action choices
change the circumstances a person must deal with
(e.g., video games). Some of these tasks involve
more continuous tasks than the individual trial
tasks reported here (e.g., video games), or involve
situations where strategy switching is less frequent
(e.g., stock trading), or there is a no strong domi-
nant strategy. Finally, it may also be possible to
use measures other than the binary occurrence of a
strategy shift or not. For example, one could use a
measure of arousal, such as skin conductance, in
which an action shift is more likely to occur under
states of greater stress (because things are not
going well), than under less stress. The measure of
arousal on a trial-by-trial or moment-by-moment
basis could be fitted to the probabilities generated
by the fluid events model.

Given that we have been able to demonstrate
that when presented with a series of similar, but
changing, interactive events, strategy switching
within that context is predictable if one takes a

number of factors into account, and that the fluid
events model does a decent job of providing some
prediction about the likelihood of a strategy shift
occurring, we can now use this approach to under-
stand how people parse the events they are an active
participant in, how they make choices about when
to change what they are doing within those
events, and use this approach to uncover and
assess individual differences in event cognition,
such as differences between experts and novices.
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