
Contextual Adaptation of Cognitive Flexibility is driven by Task-
and Item-Level Learning

Audrey Siqi-Liu1
& Tobias Egner1,2

# The Psychonomic Society, Inc. 2020

Abstract
Adaptive behavior requires finding, and adjusting, an optimal tradeoff between focusing on a current task-set (cognitive stability) and
updating that task-set when the environment changes (cognitive flexibility). Such dynamic adjustments of cognitive flexibility are
observed in cued task-switching paradigms, where switch costs tend to decrease as the proportion of switch trials over blocks increases.
However, the learningmechanisms underlying this phenomenon, here referred to as the list-wide proportion switch effect (LWPSE), are
currently unknown.We addressed this question across four behavioral experiments. Experiment 1 replicated the basic LWPSE reported
in previous studies. Having participants switch between three instead of two tasks, Experiment 2 demonstrated that the LWPSE is
preserved evenwhen the specific alternate task to switch to cannot be anticipated. Experiments 3a and 3b tested for the generalization of
list-wide switch-readiness to an unbiased “transfer task,” presented equally often as switch and repeat trials, by intermixing the transfer
taskwith biased tasks. Despite the list-wide bias, the LWPSEwas only found for biased tasks, suggesting that themodulations of switch
costs are task set and/or task stimulus (item)-specific. To evaluate these two possibilities, Experiment 4 employed biased versus
unbiased stimuli within biased task sets and found switch-cost modulations for both stimuli sets. These results establish how people
adapt their stability-flexibility tradeoff to different contexts. Specifically, our findings show that people learn to associate context-
appropriate levels of switch readiness with switch-predictive cues, provided by task sets as well as specific task stimuli.
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Introduction

Life in a changing environment frequently confronts us with
cognitive conundrums. Chief among these is the so-called the
shielding-shifting dilemma (Goschke, 2013), which refers to
two antagonistic challenges: 1) to accomplish our goals, we
often need to strongly focus on a current task (requiring cog-
nitive stability, the shielding of an ongoing task-set from dis-
traction); and 2) we also need to remain sensitive to possible
changes in our environment that might require us to quickly
update our goals and cognitive strategies (requiring cognitive

flexibility, the shifting of attention fromone task set to another).
Overly rigid goal-shielding may lead to negligence of crucial
cues in the environment that should be prioritized; for example,
a novice driver may neglect a light that changed from green to
red, because they were fixated on the task of changing into the
right turn lane. Conversely, an overly flexible processing mode
may render the agent easily distractible when concentration is
required, aswhen a driver takes their eyes off the road to glance
at a new notification from their phone.

To meet this challenge, the brain needs to find—and con-
tinually adapt—a contextually optimal level of cognitive flex-
ibility. Despite the central importance of this process to adap-
tive behavior (and survival), relatively little is known about
the learning processes that underpin the ability to strategically
match flexibility (or “switch readiness”) to changing contexts.
The present study therefore sought to elucidate how people
adjust their level of cognitive flexibility to suit changing task
demands in the form of time-varying frequency (or likelihood)
of having to switch tasks.

We begin with a brief literature review and some defini-
tions of our theoretical assumptions and terminology. We in-
vestigated the topic of cognitive flexibility through the prism
of cued switching between task sets (for reviews, see Kiesel
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et al., 2010; Monsell, 2003; Vandierendonck, Liefooghe, &
Verbruggen, 2010; Koch et al., 2018). We define a task-set as
a rule that specifies a set of task-relevant stimuli or stimulus
features and their associated responses (Kiesel et al., 2010;
Monsell, 2003; Rogers & Monsell, 1995). We assume that
implementing a task-set involves the attentional selection of
the relevant stimulus features and activation of their respective
responses, and the shielding of these stimulus-response trans-
lations from potential interference by task-irrelevant informa-
tion (Dreisbach & Haider, 2008; Dreisbach & Wenke, 2011;
Meiran, 2010). In line with a large literature, we further assume
that cued switching between task-sets (or task-set updating)
requires 1) reconfiguration, that is, the active replacing of the
previously active task-set with a new set of stimulus-response
rules (Meiran, 1996; Monsell & Rogers, 1995; Monsell, 2003),
and 2) the inhibition of, or resolution of interference from, the
most recently active task set (overcoming “task set inertia”;
Allport et al., 1994) and from other task sets previously asso-
ciated with the stimulus set (Waszak, Hommel, & Allport,
2003). Together, these processes result in switch costs, slower
and less accurate responses when a task has to be switched
from the previous trial than when it is repeated (Kiesel et al.,
2010; Monsell, 2003; Vandierendonck, Liefooghe, &
Verbruggen, 2010; Meiran, Chorev, & Sapir, 2000). The ease
with which switch processes are carried out can be modulated
by a number of factors, including the frequency with which
tasks have to be switched over periods of time, which we in-
vestigated in the current study.

Finally, we assume that the size of the switch cost can be
considered indicative of someone’s current level of cognitive
stability (or flexibility) (Braem & Egner, 2018; Dreisbach &
Fröber, 2019). This level can be conceived of as a set-point on
a stability-flexibility continuum, which has been conceptual-
ized by Goschke (2003, 2013) as a meta-control parameter
termed the “updating threshold”: when this threshold is low,
tasks can be switched more easily (flexibility is high), but this
necessarily bears the cost of poor task-set shielding against
interference (stability is low); when this threshold is high,
switching is rendered more difficult (cognitive flexibility is
low) but in turn the current task-set is well protected against
interference (stability is high). In the present article, we will
use the term “switch readiness,” which is inversely related to
the updating threshold and task-set shielding. Moreover, we
use these terms to denote different set-points on the stability-
flexibility continuum (e.g., low vs. high switch-readiness), but
we treat them as neutral with respect to the underlying pro-
cesses that are modulated to produce changes in switch costs
(e.g., reconfiguration vs. inhibition/interference resolution
processes). We will speculate in the General Discussion on
the most likely aspect of switch cost that is modulated by
switch frequency manipulations, however.

In summary, successfully navigating the shifting-shielding
dilemma can be conceptualized as learning to strategically

adjust one’s updating threshold to suit changes in environ-
mental demand for relatively more or less cognitive flexibility
(Goschke, 2003). Importantly, behavioral evidence for these
types of dynamic adjustments in switch readiness has been
obtained in cued task-switching protocols that manipulate
the frequency (and thus, likelihood) of switch trials between
blocks of trials. Specifically, a number of studies have shown
that the magnitude of switch costs tends to scale inversely with
the frequency that task switches occur within a given block of
trials (Bonnin, Gaonac’h, & Bouquet, 2011; Dreisbach &
Haider, 2006; Dreisbach, Haider, & Kluwe, 2002; Duthoo,
De Baene, Wühr, & Notebaert, 2012; Mayr, 2006; Monsell
& Mizon, 2006) or at a specific spatial location (Crump &
Logan, 2010; Leboe et al., 2008). For instance, Monsell &
Mizon’s (2006) Experiment 4 varied switch proportions from
25% to 50% to 75% between blocks of trials and observed the
greatest switch costs at a switch frequency of 25% and the
smallest switch costs at a switch frequency of 75%. We will
refer to these block-based modulations of switch cost as the
list-wide proportion switch effect (LWPSE), leaning on a sim-
ilar nomenclature in the congruency effect literature (Bugg &
Chanani, 2011; Bugg & Crump, 2012). While the above dem-
onstrations of a LWPSE provides basic evidence that people
can adapt their switch readiness to varying task statistics, the
exact scope of this adaptation, as well the particulars of the
underlying learning processes, are presently not known.

In the present study, we ask in particular what kind of
learning drives these effects, and we distinguish between three
ways in which changes in updating threshold could become
associated with features of low- versus high-frequency switch
blocks: the list-wide level (producing sustained and general-
izable changes in flexibility), the task-set level (where a par-
ticular level of switch readiness becomes associated with a
specific task-set), and the item level (where a particular level
of switch readiness becomes associated with specific task
stimuli). To investigate the kinds of learning that drive the
LWPSE, we ask several questions that have not been previ-
ously addressed in the literature: first, because previous stud-
ies that found these context-sensitive switch cost modulations
only required that participants switch between two tasks, it is
not clear to what degree the LWPSE reflects a generic change
in cognitive flexibility or task-specific preparation processes.
In other words, reduced switch costs in high proportion switch
blocks could reflect participants preparing for the particular
alternate task, rather than general preparation for a task switch
(to any other task). Intuitively, the latter would stand as stron-
ger evidence for a genuine adjustment of cognitive flexibility,
because flexible engagement with a changing environment
requires increased aptitude to respond to events that often
are unexpected.

Second, it is not yet known to what extent the LWPSE is
driven by associating switch readiness with the global switch
likelihood of the current block context (list-wide learning) or
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by using the specific task-sets and/or task stimuli (also referred
to as “items”) as cues for adjusting switch readiness. In prior
studies, in high-switch frequency blocks, all tasks and all task
stimuli were also presented more frequently as switch versus
repeat trials (and vice versa for low-switch frequency blocks).
Therefore, any reductions in switch costs that were observed
could have resulted from participants’ learning of task- and/or
item-specific associations with switch frequencies instead of
linking the temporal, list-wide context to a greater need for
flexibility.

In the current paper, we present a series of four experi-
ments that shed light on these unanswered questions about
the scope and mechanisms of meta-control over the
stability-flexibility tradeoff, as indexed by the LWPSE.
Experiment 1 attempts to replicate the LWPSE using the
design of Monsell &Mizon (2006) with a different stimulus
set. Using three instead of two tasks, Experiment 2 tests
whether the LWPSE is preserved when participants do not
know which specific alternate task they will switch to. To
tease apart list- and task-level biases, Experiments 3a and
3b probed for the generalization of the LWPSE to an unbi-
ased “transfer task,” which occurred equally often as switch
and repeat trials, presented in blocks with overall high or
low switch bias. Following a similar logic, Experiment 4
used switch proportion biased versus unbiased stimuli to
investigate whether the LWPSE can be observed in the
absence of item-level biases. The data and materials for
all experiments are available at https://osf.io/5cxam/, and
none of the experiments were preregistered.

Experiment 1

The first experiment was a conceptual replication of
Monsell & Mizon’s (2006) Experiment 4. We sought to
replicate the switch proportion dependent switch cost to
validate a basic task protocol with which to assess the de-
terminants of the LWPSE in the subsequent experiments.
Specifically, participants performed cued letter and digit
categorization tasks under within-subject manipulations of
task sequence (task repeat vs. task switch trials), CSI (short:
190 ms or long: 840 ms) and the proportion of switch trials
per block (30%, 50%, or 70%). The CSI factor was included
because the pattern of results in prior work suggested that
the LWPSE may be CSI-dependent, with maximal effects
of switch proportion evident at short CSIs (Monsell &
Mizon, 2006). In other words, participants may rely more
on context in aiding their task-set updating strategy when
they have less time to utilize the trial-by-trial cue for task
set reconfiguration. We therefore expected to find reduced
switch costs with an increasing proportion of switch trials
to be most pronounced in the short CSI condition.

Method

Participants A power analysis based on the effect size of the
smallest switch cost modulation (switch cost difference be-
tween the 50% and 75% switch condition) in Monsell &
Mizon (2006) Experiment 4 suggested a total sample size
of 26 to achieve 0.95 power. To be conservative and to take
into account larger participant exclusion rates for online
testing, we roughly doubled this estimate and recruited 56
participants from MTurk. The experiment lasted ~60 mi-
nutes, and 16 participants were excluded from data analysis
for lower than 75% overall accuracy on the task, leaving a
final sample size of 40.

Stimuli Task stimuli consisted of a letter and a digit
displayed simultaneously at either side of the center of the
screen for each trial. The letter was randomly selected from
A, E, I, U, G, K, M, or R, and the digit was randomly
selected from 2, 3, 4, 5, 6, 7, 8, or 9. Whether the letter or
the digit was presented on the left or right was randomized
across trials.

Procedure Experiment procedures roughly followed
Experiment 4 of Monsell & Mizon (2006). Each trial began
with a blank interval of 1,010 ms (short CSI condition) or
360 ms (long CSI condition), followed by a 450-ms long
fixation display, a cue display lasting 150 ms, and another
blank interval of either 40 ms (in the short CSI condition)
or 690 ms (in the long CSI condition). Finally, the task
stimuli appeared and remained on screen for 1,200 ms.
The lengths of the blank intervals were varied so that the
RSI, or the sum of the blank intervals, fixation display, and
cue display, was a constant 1,650 ms for both short and
long CSI trials (Fig. 1).

Participants were required to perform a letter classification
task (“Is the letter a vowel or consonant?”) if they saw the cues
“Letter” or “Alphabet” and to perform a digit classification
task (“Is the digit odd or even?”) if they saw the cues
“Digit” or “Number.” The 2:1 cue-to-task mapping allowed
us to change the cue on every trial, regardless of whether the
task was switched or repeated, thus eliminating the contribu-
tion of possible response time benefits that come from repeat-
ing cues on task repeat trials (Logan & Bundesen, 2003; Mayr
& Kliegl, 2003) to our computation of task switch costs.
Participants had to press the “d” or “k” key to categorize the
stimuli as vowel/consonant or odd/even. Participants were
randomly assigned to different response mappings for each
task. Correct responses were followed by a 500-ms blank
screen, and incorrect responses were followed by the word
“Incorrect” displayed for 2,000 ms. Responses made while
the task stimulus was not onscreen were considered incorrect.

Each participant completed 18 blocks of 31 trials. All trials
except the first in each block were coded as belonging to either
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the task switch (preceded by a different task) or task repeat
(preceded by the same task) condition. The percentage of
switch trials per block was 30, 50, or 70; there were 6 blocks
of each switch proportion condition. The trial sequence for
each block was generated pseudo-randomly according to an
algorithm that ensured each task was presented an approxi-
mately equal number of times. In the 30% switch block, each
task was presented either 4 or 5 times as a switch trial and 11
or 10 times as a repeat trial, creating a 9:21 switch to repeat
ratio. In the 70% switch block, the number of switch versus
repeat trials per task was reversed, creating a 21:9 switch to
repeat ratio; in the 50% switch block, each task was presented
either 7 or 8 times as repeat and as switch trials. For a table
depicting switch/repeat frequencies for each task in this and
subsequent experiments, refer to Appendix 1 (Table 5). All six
blocks of the same switch proportion were presented consec-
utively to increase the saliency of the switch/repeat context,
but the presentation order of the chunk of blocks with the same
switch proportion was counterbalanced across participants.
CSI alternated from block to block beginning with the short
CSI. Before starting the main experiment, participants com-
pleted two short CSI blocks and one long CSI block for prac-
tice. All practice blocks had 50% switch proportion.

Design The experiment followed a 2 (task sequence: switch
vs. repeat) × 2 (CSI: long vs. short) × 3 (switch proportion:
30% vs. 50% vs. 70%) repeated-measures factorial design.

Results and Discussion

For assessing performance accuracy, we analyzed data from
all trials after excluding practice blocks and the first trial of
each block. For RT analyses, we additionally excluded incor-
rect trials, and trials following incorrect trials. After applying
these exclusion criteria, trials with response times (RT) out-
side 1.5 times the interquartile RT range of the remaining
sample were filtered out for the RT analyses. Descriptive sta-
tistics are displayed in Table 1. Excluded trial counts and the
number of remaining trials per smallest and largest cells are
included in Supplementary Materials, Appendix 1, Table 4.

We ran a repeated-measures analysis of variance
(ANOVA) with the independent variables of task sequence
(switch vs. repeat), CSI (long vs. short), and switch proportion
(30% vs. 50% vs. 70%). Replicating classic effects in the task
switching literature, we observed a main effect of task se-
quence (i.e., switch costs), as reflected in slower RTs for
switch trials (Mswitch = 734.59 ms) compared with repeat trials

Fig. 1 Experimental protocol. The basic trial structure of Experiments 1-
4 involved a task cue, followed by a cue-to-stimulus-interval (CSI) pre-
ceding a target stimulus display, followed by accuracy feedback.
Experiment 1 included two CSI conditions (timing parameters for the

short CSI condition are shown in orange, the long CSI condition in gray).
Experiments 2-4 employed only the short CSI condition, and
Experiments 2 and 3 added a colored frame to the target stimulus (see
main text)

Table 1. Mean response times (ms) and accuracy (%) with standard errors in Experiment 1 and 2 as a function of CSI and switch proportion

Exp 1 (2 tasks) Exp 2 (3 tasks)

30% 50% 70% 30% 70%

190 ms CSI RT Acc RT Acc RT Acc RT Acc RT Acc

Switch 816.9 (14.9) 81.9 (1.8) 805.7 (14.3) 79.4 (2.5) 809.7 (15.9) 78.7 (2.4) 860.2 (14.7) 78.0 (1.8) 853.7 (14.1) 78.5 (1.6)

Repeat 771.4 (13.8) 87.42 (1.5) 781.3 (14.4) 84.9 (2.2) 782.6 (15.1) 84.0 (2.1) 788.9 (12.8) 86.5 (1.6) 812.4 (12.6) 85.2 (1.7)

740 ms CSI

Switch 676.5 (12.2) 88.1 (2.3) 678.4 (15.2) 87.2 (2.0) 688.9 (15.8) 85.9 (2.0)

Repeat 656.8 (11.7) 90.8 (1.8) 661.1 (13.4) 89.7 (1.6) 670.5 (15.0) 90.1 (1.8)

Note.Data refers to group mean RTs (excluding error trials, trials following error trials, and RT outliers) and percentage accurate with SE in parentheses
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(Mrepeat = 712.15ms), F(1,39) = 84.02, p < 0.0001, ηp
2 = 0.68;

a main effect of CSI, as short CSIs yielded longer RTs (Mshort

= 784.74 ms) than long CSIs (Mlong = 665.79 ms), F(1, 39) =
312.72, p < 0.0001, ηp

2 = 0.89; and a task sequence × CSI
interaction (F(1, 39) = 10.77, p = 0.002, ηp

2 = 0.22), wherein
short CSI trials produced larger switch costs (Mswitchcost =
32.33 ms) than long CSI trials (Mswitchcost = 18.45 ms).

More crucial to the focus of the current study, there was a
significant interaction effect of task sequence × switch propor-
tion, F(2, 78) = 3.87, p = 0.02, ηp

2 = 0.09, as switch cost was
greater in the 30% switch condition (Mswitchcost = 32.6 ms)
than in the 50% (Mswitchcost = 20.84 ms) and 70%
(Mswitchcost = 22.73 ms) switch conditions. Moreover, as an-
ticipated, the interaction effect of task sequence × switch pro-
portion was driven by a modulation of switch cost by switch
proportion in the short but not in the long CSI condition (Fig.
2), as supported by a three-way interaction between task se-
quence × CSI × switch proportion (F(2, 78) = 3.14, p = 0.05,
ηp

2 = 0.07). Post-hoc tests revealed that, in the short CSI

condition, switch cost for the 30% switch condition
(Mswitchcost = 45.56 ms) was significantly larger than the
50% switch condition (Mswitchcost = 24.34 ms, p = 0.004)
and the 70% switch condition (Mswitchcost = 27.10 ms, p =
0.025). On the other hand, in the long CSI condition, there
were no significant switch cost differences between any of the
three different switch proportions (p = 1). No other main or
interaction effects were significant.

An identical ANOVA was run on subject’s mean accura-
cies. There was an expected main effect of task sequence
(F(1,39) = 28.63, p < 0.0001, ηp

2 = 0.42) as participants per-
formed with lower accuracy on switch (Maccuracy = 0.83) com-
pared with repeat trials (Maccuracy = 0.88). We also observed a
main effect of CSI, as trials with shorter CSI periods (Maccuracy

= 0.83) produced significantly lower accuracy rates (F(1,39) =
34.63, p < 0.0001, ηp

2 = 0.47) compared with long CSI trials
(Maccuracy = 0.89). There also was a significant task sequence
× CSI interaction (F(1,39) = 6.19, p = 0.02, ηp

2 = 0.14),
wherein short CSI trials were associated with larger accuracy

Fig. 2 Experiment 1 mean RTs and switch costs in the (A) short CSI and
(B) long CSI conditions. Upper panels depict group mean RTs in black
circles (repeat) or triangles (switch) and individual mean RTs in blue
(repeat) or yellow (switch) dots. Lower panels depict mean switch costs
in bars. All error bars indicate confidence intervals (1.96 × standard

error). For trials with short CSI, switch cost in the 30% switch condition
was significantly greater than the 50% and 70% conditions. Trials with
long CSIs did not show significant switch cost moderations by switch
proportion
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switch costs (repeat - switch) (Mswitchcost = 0.05) than long
CSI trials (Mswitchcost = 0.03). Unlike the RT data, all other
effects were nonsignificant.

For this experiment and all following experiments, congru-
ency effects in RTs and accuracy are reported in
Supplementary Analyses (see Appendix 2).

Experiment 1 successfully replicated the key results of
Experiment 4 of Monsell & Mizon (2006) in RTs: switch
costs were reduced in conditions where switching was more
frequent, but only for short CSIs. However, it is noteworthy
that, unlike in Experiment 4 of Monsell & Mizon (2006),
switch cost reductions in the current experiment seemed to
be mainly driven by increases in repeat trial RTs, rather than
decreases in switch trial RTs. This pattern of results is ob-
served across all four experiments in this study and is
discussed in depth in the General Discussion, where a proba-
ble explanation of the lack of switch trial RT improvements is
offered.

Another caveat to interpreting our results is that switch
frequency may be confounded with run length, i.e., the num-
ber of consecutive task repeats (Bonnin et al., 2011). Because
run lengths are longer in low-switch frequency blocks, repeat-
ed exposure to the same task could promote within-run RT
speeding and produce greater task-set inertia that requires
more laborious inhibition when participants finally encounter
a switch trial, leading to RT slowing. However, finding switch
cost adjustments even after restricting their analysis to the first
three positions in a run, Bonnin et al. (2011) demonstrated that
run length is not the primary contributor to LWPSE.

Nonetheless, the switch cost reductions we observed sug-
gest that participants employ the statistics of control
demands—the incidence of switch trials in the different
blocks—to guide their cognitive strategies. Moreover, this
context-sensitive adjustment in switch-readiness is only evi-
dent under conditions where the cue-to-target interval is too
short to engage in substantial task-set reconfiguration prior to
target onset on a trial-by-trial basis. In the following experi-
ments, we sought to characterize more closely the scope and
sources of this form of learned cognitive flexibility.

Experiment 2

Experiment 1 replicated the basic effect of switch propor-
tion (Monsell & Mizon, 2006), demonstrating that the costs
of switching are lower when switches are more frequent.
However, because participants were only switching be-
tween two tasks, they always knew which particular task
they would be switching to when they expected a switch.
Therefore, the results of Experiment 1 may reflect specific
preparation for the particular alternate task instead of a gen-
eral adjustment of switch-readiness or cognitive flexibility.
To test whether the changes in switch cost reflect a

modulation of generalizable switch readiness rather than
better preparation for a specific alternate task, we adapted
the design of Experiment 1 to involve three tasks instead of
two (see Chiu & Egner (2017) for an equivalent approach in
the context of an item-specific switch proportion manipu-
lation). If switch cost were still moderated by switch pro-
portion in Experiment 2, this would constitute evidence that
participants are capable of using context to facilitate task
switching even when they do not know what task they are
switching to. That three task paradigms make actively an-
ticipating the upcoming task more difficult in turn implies
that inhibition (or lack thereof) of the previous task (Mayr
& Keele, 2000) should have larger influences on the size of
switch costs than anticipatory task-set reconfiguration
(Rogers & Monsell, 1995; Monsell, 2003) .

In Experiment 2, a color classification task was includ-
ed as the third task, in addition to the letter and digit
tasks. Participants were cued from trial-to-trial as to
which of the three tasks to perform. Only a short CSI
(200 ms) was used because Experiment 1 demonstrated
that a long CSI eliminated the effect of switch proportion
on switch costs. Additionally, only 30% and 70% switch
blocks were used, because the switch cost difference be-
tween 50% and 70% switch proportion blocks was non-
significant in Experiment. The 50% condition also is more
difficult to compare to the other two conditions, as that
condition has a greater level of overall task uncertainty
(0.5 in a two-task design) compared with the 30% and
70% blocks, which are equated in terms of uncertainty
(0.3 in a two-task design).

Method

Participants Fifty-eight participants were recruited from
MTurk. The experiment lasted ~30 minutes, and participants
were compensated $3.00 if they performed at 50% accuracy or
above. Seventeen participants were excluded from data anal-
ysis for lower than 65% overall accuracy on the task, leaving a
final sample size of 41. The accuracy threshold for participant
inclusion was modified from Experiment 1 (where it was
75%) due to the increased difficulty associated with switching
between three rather than two tasks.

Stimuli Task stimuli were the same as before, except that a
colored frame was placed around the letter/digit pair. The
color of the frame was randomly selected from four warm
colors (shades of red, orange, and yellow) and four cold colors
(shades of green, blue, and purple).

Procedure Experiment procedures were largely identical to
Experiment 1, with a few changes to timing in order to
accommodate the third task and the increased difficulty of
switching between three tasks. First, 10 ms were added to
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the cue display period, bringing the CSI to 200 ms. Second,
the target stimulus display period was increased by 100 ms
(totaling 1,300 ms) to give participants more time to re-
spond (as before, correct responses had to be made while
the stimuli were on screen). Finally, cued by the word
“Color” or “Hue,” the color task was added requiring par-
ticipants to indicate whether the color of the frame was cold
or warm (Cooper et al., 2019). As in Experiment 1, the cue
was always switched between consecutive tr ials.
Participants were randomly assigned to different response
mappings for each task. The experiment consisted of 8
blocks of 31 trials each. Four blocks had a 30% switch
proportion and the other four had a 70% switch proportion.
Trial sequence and the block presentation order were gen-
erated in the same way as in Experiment 1.

Design The experiment followed a 2 (task sequence: switch
vs. repeat) x 2 (switch proportion: 30% vs. 70%) repeated-
measures factorial design.

Results and Discussion

The same exclusion criteria as in Experiment 1 were applied.
Descriptive statistics are displayed in Table 1, side-by-side
with those of Experiment 1.

We ran a repeated-measures ANOVAwith the independent
variables of task sequence (switch vs. repeat) and switch pro-
portion (30% vs. 70%). The main effect of task sequence on
RT (i.e., the switch cost) was significant, F(1, 40) = 149.59, p
< 0.0001, ηp

2 = 0.79, as participants responded slower on
switch (Mswitch = 852.07 ms) compared with repeat trials
(Mrepeat = 795.26 ms). There was no main effect of switch
proportion. Crucially, we found an interaction effect between
task sequence and switch proportion, F(1, 40) = 15.60, p =
0.0003, ηp

2 = 0.28. Switch cost was significantly higher in the
30% (Mswitchcost = 71.26 ms) than in the 70% switch condition
(Mswitchcost = 41.26 ms) (Fig. 3).

The accuracy analysis only found a significant effect of
task sequence where accuracy for switch trials (Mswitch =
0.78) was lower than repeat trials (Mrepeat = 0.86), F(1, 40) =
64.10, p < 0.0001, ηp

2 = 0.62. The main effect of switch
proportion and the interaction of task sequence and switch
proportion that were significant in the RT data were nonsig-
nificant in the accuracy data.

In Experiment 2, the three-task design makes anticipat-
ing switching to one particular alternate task impossible.
The observation of a significant modulation of switch cost
by switch proportion therefore provides evidence that the
reduction of switch cost in high switch blocks is not limited
to situations in which the task that will be switched to is
known. Thus, Experiment 2 indicates that the LWPSE can-
not be explained via trial-by-trial preparation for a specific
alternative task.

Experiment 3a

Thus far, we have demonstrated that switch readiness can be
adjusted based on the frequency of switches within blocks
(Experiments 1 and 2) and that reduced switch costs under
high switch frequency do not depend on there being only a
single alternate task to switch to (Experiment 2). However, it
is unclear whether these adjustments in switch-readiness re-
flect learning processes that are tied to the specific tasks,
which all occurred at biased switch frequencies, or whether
participants instead entered some kind of global flexible state
in a high switch proportion context, which should be transfer-
able to tasks that are not biased in their switch frequency.
Experiments 1 and 2 could not answer this key question be-
cause the 30% and 70% switch blocks were biased both at the
block (list-wide) level and at the task level. That is, in blocks
where the overall proportion of switch trials was higher, each
task was also presented more frequently as switch rather than
repeat trials. (The reverse was true for low proportion switch
blocks.) So, for instance, even though in high switch propor-
tion blocks in Experiment 2 participants could not anticipate
which task they would be switching to, any one of the three

Fig. 3 Experiment 2 mean RTs and switch costs collapsed across three
tasks. Upper panel depicts group mean RTs in black circles (repeat) and
triangles (switch) and individual mean RTs in blue (repeat) and yellow
(switch) dots. Lower panel depicts mean switch costs in bars. All error
bars indicate confidence intervals (1.96 × standard error). Switch cost in
the 30% switch condition was significantly greater than the 70%
condition
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tasks had in fact been encountered more frequently as switch
than repeat trials in that block.

Although paradigms that associate biased switch propor-
tions with spatial locations (Leboe et al., 2008, Exp 2; Crump
& Logan, 2010) are not contaminated by task- and item-level
biases (i.e., tasks and stimuli are presented equally likely
across the two biased spatial locations), list-wide paradigms
are not controlled in the same way. Our novel manipulations
allow us to investigate whether contextual adaptation to list-
wide temporal context can occur when we control for task
(Exp 3a and 3b) and item (Exp 4) bias.

To find out whether there is a global, transferable effect of
block-wise switch proportion that is independent of task-level
switch proportion, in Experiment 3a we introduced an unbi-
ased third task, presented alongside two heavily biased tasks
that drove the 30% or 70% switch proportion in each block.
The unbiased task always appeared equally often as switch
and repeat trials, regardless of the block-wise switch propor-
tion (for an equivalent approach in the realm of conflict-con-
trol, see Bugg, 2014; Bugg & Chanani, 2011; Hutchison,
2011). If participants do enter a globally more cognitively
flexible state in high switch proportion blocks, then the unbi-
ased task also should show reduced switch cost. On the other
hand, if the switch proportion effect operates at the level of
specific task sets, then we should not observe a transfer of this
effect to the unbiased task.

Method

Participants Fifty-nine participants were recruited from
MTurk. The experiment lasted ~45 minutes, and participants
were compensated $4.50 if they performed at 50% accuracy or
above. Eighteen participants were excluded from data analysis
for lower than 65% overall accuracy on the task, leaving a
final sample size of 41.

Stimuli and Procedures Task stimuli, trial components, and
timing were identical to Experiment 2. Participants were ran-
domly assigned to different response mappings for each task
and the identity of the unbiased task (i.e. whether it was the
letter, digit, or number task).

The experiment consisted of 16 blocks of 31 trials each.
The number of blocks was doubled compared to Experiment 2
to ensure that each participant was exposed to 160 trials of the
unbiased task (there were 10 trials per block). Eight blocks
had a 30% switch proportion and eight blocks had a 70%
switch proportion. Trial sequences were pseudo-randomly
generated. In the 30% switch proportion block, the two biased
tasks were each presented twice as switch trials and 8 times as
repeat trials and the unbiased task was presented 5 times as
switch and 5 times as repeat trials, creating an overall switch to
repeat ratio of 9:21. In the 70% switch proportion block, the
number of switch versus repeat trials was reversed for the

biased tasks, whereas the unbiased task was still presented 5
times as switch and 5 times as repeat trials. Participants were
randomly assigned to conditions where either the letter, digit,
or color task appeared as the unbiased task.

Design The experiment followed a 2 (task sequence: switch
vs. repeat) x 2 (task bias: biased vs. unbiased) x 2 (switch
proportion: 30% vs. 70%) repeated-measures factorial design.

Results and Discussion

The same exclusion criteria (including RT exclusion) as
Experiments 1 and 2 were applied. Descriptive statistics are
displayed in Table 2.

We ran a repeated-measures ANOVAwith the independent
variables of task sequence (switch vs. repeat), task bias (biased
vs. unbiased task), and switch proportion (30% vs. 70%). We
observed a main effect of task sequence on RT, F(1, 40) =
127.63, p < 0.0001, ηp

2 = 0.76, as responses on switch trials
were slower (Mswitch = 829.25 ms) compared with repeat trials
(Mrepeat = 758.51 ms). As in Experiments 1 and 2, there was a
significant interaction effect of task sequence × switch propor-
tion, F(1,40) = 8.34, p = 0.006, ηp

2 = 0.17, wherein switch
costs were higher in the 30% switch condition (Mswitchcost =
78.06 ms) compared with the 70% switch condition
(Mswitchcost = 57.82 ms).

Most pertinently, we observed a three way interaction be-
tween task sequence, switch proportion, and task bias (F(1,
40) = 4.16, p = 0.048, ηp

2 = 0.09), which was due to the fact
that the interaction effect of task sequence × switch proportion
was driven by the biased tasks only (Fig. 4). Post-hoc tests
confirmed that, in the biased task condition, switch cost in the
30% switch condition (Mswitchcost = 88.01 ms) was significant-
ly higher than in the 70% switch condition (Mswitchcost = 53.75
ms, F(1,40) = 11.53, p = 0.002, ηp

2 = 0.22).
To ensure that the three-way interaction was not due to

greater power for detecting effects of the biased tasks (there
were two biased tasks, which meant there were more total
biased task trials), we ran three separate ANOVAs on each
of the two biased tasks and the transfer task. The task sequence
× switch proportion interaction effect was significant for both
biased tasks (F(1,40) = 4.14, p = 0.05, ηp

2 = 0.09; F(1,40) =
11.39, p = 0.002, ηp

2 = 0.22) but not for the unbiased task
(F(1,40) = 0.43, p = 0.52, ηp

2 = 0.01).
As before, the accuracy data showed a main effect of task

sequence, reflecting significant switch costs (Mrepeat = 0.87; –
Mswitch = 0.80), F(1, 40) = 49.43, p < 0.0001, ηp

2 = 0.55.
There also was an interaction between task sequence and task
bias (biased vs. unbiased task), wherein participants exhibited
lower mean switch cost in the transfer task (Mswitchcost =
0.045) compared with the biased tasks (Mswitchcost = 0.071),
F(1, 40) = 4.54, p < 0.04, ηp

2 = 0.10. All other main effects
and interactions were nonsignificant, including the crucial
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three-way interaction between task sequence, switch propor-
tion, and task bias that we observed in the RT data.

Experiment 3a found that the inverse relationship between
switch cost and switch proportion did not hold for a transfer
task that did not exhibit a switch frequency bias, even while it
could be found in the biased tasks that occurred in the same
block. One factor to consider when interpreting Experiment
3a’s results is that manipulating task-level switch proportion
biases may have introduced inadvertent determinacies in the
task-sequence that could have affected switch cost. In the 30%
switch proportion blocks, to keep overall switch proportion

low while presenting the transfer task half of the time as
switch and half of the time as repeat trials, the transfer task
had to be presented as a switch trial every time participants
were switching away from one of the biased tasks. In other
words, in order to present the transfer task enough times on
switch trials, every switch from one of the other tasks had to be
utilized as a switch to the transfer task. This pattern within the
task sequence may have made it easier for participants to
switch to the transfer task, compared with either of the biased
tasks, in the 30% switch probability condition, thereby lower-
ing switch cost for only the transfer task in the low switch

Fig. 4 Experiment 3a mean RTs and switch costs for (A) biased and (B)
unbiased transfer tasks. Upper panels depict group mean RTs in black
circles (repeat) and triangles (switch) and individual mean RTs in blue
(repeat) and yellow (switch) dots. Lower panels depict mean switch costs

in bars. All error bars indicate confidence intervals (1.96 × standard er-
ror). In the biased task condition, switch cost in the 30% switch condition
was significantly greater than the 70% condition. Switch cost differences
were not significant in the unbiased transfer task

Table 2. Mean response times (ms) and accuracy (%) with standard errors in Experiment 3a and 3b as a function of task bias and switch proportion

Exp 3a Exp 3b

30% 70% 30% 70%

Biased Tasks RT Acc RT Acc RT Acc RT Acc

Switch 844.4 (14.7) 77.4 (2.2) 839.6 (15.2) 80.3 (2.7) 807.4 (13.2) 80.0 (1.6) 805.0 (13.2) 79.5 (1.4)

Repeat 756.4 (11.6) 87.3 (1.6) 785.8 (14.2) 87.2 (1.6) 756.6 (12.2) 86.4 (1.3) 770.5 (12.8) 85.8 (1.5)

Transfer Task

Switch 830.5 (12.2) 79.8 (2.1) 828.1 (18.9) 83.6 (1.8) 807.5 (15.3) 76.5 (2.1) 803.3 (15.4) 76.5 (2.1)

Repeat 762.4 (15.9) 85.1 (1.9) 766.2 (18.6) 87.3 (1.9) 758.4 (14.0) 85.3 (1.7) 755.2 (13.8) 83.3 (1.8)

Note.Data refers to group mean RTs (excluding error trials, trials following error trials, and RT outliers) and percentage accurate with SE in parentheses
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likelihood condition, where one would have expected greater
switch costs, thus potentially counteracting the detection of a
possible LWPSE. We designed Experiment 3b to control for
this possibility.

Experiment 3b

In order to control for the potential confound posed by the
inadvertent determinative task sequences in Experiment 3a,
in Experiment 3b we reduced the number of transfer task trials
in each block, from a third of all trials to around one fifth. Note
that while the relatively rare occurrence of the transfer tasks
may generally affect performance on transfer task trials, it
should do so in the same manner across the two switch fre-
quency conditions. Because we are separately comparing how
the transfer and biased tasks performance changes in different
switch frequency contexts, the differential number of task pre-
sentations between biased and transfer tasks should therefore
not affect our comparisons of interest. Importantly, reducing
trial numbers of the transfer task allowed us to create a sce-
nario where only a minority of the switches away from either
of the biased tasks represented a switch to the transfer task. In
this manner, Experiment 3b tested whether Experiment 3a’s
results—the lack of transfer of block-wise proportion biases to
the unbiased transfer task—would still hold after removing
potential confounds due to predictable transitions between
tasks.

Method

Participants A total of 120 participants were recruited from
MTurk. The experiment lasted ~44 minutes, and participants
were compensated $5.60 if they performed at 65% accuracy or
above. Fifty-nine participants were excluded from data analy-
sis for lower than 65% overall accuracy on the task, leaving a
final sample size of 61.

Stimuli and Procedures Task stimuli, trial components, and
timing were identical to Experiment 3a, except that error feed-
back was only presented for 500 ms instead of 2,000 ms to cut
down on experiment time. (In Experiment 3a, participants
were shown a blank screen for 500 ms after stimulus offset
if their response was correct or the word “Incorrect” in red for
2,000 ms if their response was incorrect.) Participants were
randomly assigned to different response mappings for each
task and the identity of the unbiased task (i.e., whether it
was the letter, digit, or number task).

The experiment consisted of 18 blocks of 39 trials each.
The number of blocks was increased compared to
Experiment 3a in order to ensure that each participant was
exposed to 144 trials of the rarely occurring transfer task
(there were 8 transfer task trials per block). Nine blocks had

a 39% switch proportion and nine blocks had a 61% switch
proportion. Trial sequences were pseudo-randomly gener-
ated. In the low-switch proportion block, the two biased
tasks were each presented either 5 or 6 times as switch trials
and 10 or 9 times as repeat trials and the unbiased task was
presented 4 times as switch and 4 times as repeat trials,
creating an overall switch to repeat ratio of 15:23, or 39%
switch trials. Thus, in low-switch proportion blocks, a
switch away from either of the biased tasks was associated
with a switch to the transfer task in ~33-40% of cases. In the
high switch proportion block, the number of switch versus
repeat trials was reversed for the biased tasks, whereas the
unbiased task was still presented 4 times as switch and 4
times as repeat trials, creating an overall switch to repeat
ratio of 23:15, or 61% switch trials. Thus, in high switch
proportion blocks, a switch away from either of the biased
tasks was associated with a switch to the transfer task in
~17-18% of cases. Participants were randomly assigned to
conditions where either the letter, digit, or color task ap-
peared as the unbiased task.

Design The experiment followed a 2 (task sequence: switch
vs. repeat) x 2 (task bias: biased vs. unbiased) x 2 (switch
proportion: 39% vs. 61%) repeated-measures factorial design.

Results and Discussion

The same exclusion criteria (including RT exclusion) as
Experiment 3a were applied. Descriptive statistics are
displayed in Table 2, side-by-side with those of Experiment
3a.

We ran a repeated-measures ANOVAwith the independent
variables of task sequence (switch vs. repeat), task bias (biased
vs. unbiased task), and switch proportion (low vs. high). We
observed a main effect of task sequence on RT, F(1, 60) =
162.52, p < 0.0001, ηp

2 = 0.73, as responses on switch trials
were slower (Mswitch = 802.32 ms) compared with repeat trials
(Mrepeat = 756.07 ms). The interaction effect between task
sequence × switch proportion only reached marginal signifi-
cance, F(1,60) = 3.75, p = 0.06, ηp

2 = 0.06, wherein switch
costs were marginally higher in the low-switch condition
(Mswitchcost = 49.96 ms) compared with the high-switch con-
dition (Mswitchcost = 41.28 ms) (Fig. 5).

The previously observed three-way interaction between
task sequence, switch proportion, and task bias reached mar-
ginal significance (F(1, 60) = 3.44, p = 0.07, ηp

2 = 0.05).
Figure 5 shows that, as in Experiment 3a, the trending inter-
action effect of task sequence × switch proportion was driven
by the biased tasks only. Post-hoc tests confirmed that, in the
biased task condition, switch cost in the low-switch proportion
condition (Mswitchcost = 50.83 ms) was significantly higher
than in the high switch proportion condition (Mswitchcost =
34.58 ms, F(1,60) = 13.63, p < 0.0005, ηp

2 = 0.19).
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To ensure that this marginally significant three-way in-
teraction was not due to greater power for detecting effects
of the biased tasks, which had much larger trial counts, we
ran three separate ANOVAs on each of the two biased tasks
and the unbiased task. As in Experiment 3a, the task se-
quence × switch proportion interaction effect was signifi-
cant for both biased tasks (F(1,60) = 6.81, p = 0.01, ηp

2 =
0.10; F(1,60) = 8.72, p = 0.004, ηp

2 = 0.13), but not for the
unbiased task (F(1,60) = 0.02, p = 0.88, ηp

2 = 0.0004).
The accuracy data showed a main effect of task se-

quence, reflecting significant switch costs (Mrepeat = 0.86;
– Mswitch = 0.79), F(1, 60) = 91.32, p < 0.0001, ηp

2 = 0.60.
The three-way interaction between task sequence, switch
proportion, and task bias did not reach significance.
Separate ANOVAs on the two biased tasks and the transfer
task found no task sequence × switch proportion interac-
tions. All other main effects and interactions were
nonsignificant.

In Experiments 3a and 3b, we modeled task bias as factor
with two levels, rather than capturing the manipulation as
the independent variable “task” (biased task 1, biased task
2, transfer task) with three levels, for clarity and ease of
presentation. We also ran a supplemental analysis of an

ANOVA model with task as a three level factor (see
Appendix 3). This did not change the general results except
that the previously significant three-way interaction be-
tween task sequence, switch proportion, and task bias
(F(1,40) = 4.16, p = 0.048, ηp

2 = 0.09) in Experiment 3a
became marginally significant (F(1.91, 76.34) = 3.08, p =
0.05, ηp

2 = 0.07). In Experiment 3b, the previously margin-
ally significant interaction between task sequence and
switch proportion (F(1,60) = 3.75, p = 0.06, ηp

2 = 0.06)
became significant (F(1,60) = 7.91, p = 0.007, ηp

2 =
0.12), and the previously marginally significant three-way
interaction between task sequence, switch proportion, and
task bias (F(1, 60) = 3.44, p = 0.07, ηp

2 = 0.05) became
nonsignificant (F(1, 60) = 2.17, p = 0.12, ηp

2 = 0.03).
The results of Experiment 3b replicated those of

Experiment 3a, thus suggesting that the lack of transfer
effects of the LWPSE in the former was not solely an arti-
fact of determinacies in the task transitions. Experiments 3a
and 3b jointly indicate that the LWPSE does not transfer to
an unbiased task inserted into biased blocks of low- or high-
switch proportion. This suggests that the adjustments of
switch-readiness mediating the effect are tied to task-
specific learning of switch proportions. We speculate on

Fig. 5 Experiment 3b mean RTs and switch costs for (A) biased and (B)
unbiased transfer tasks. Upper panels depict group mean RTs in black
circles (repeat) and triangles (switch) and individual mean RTs in blue
(repeat) and yellow (switch) dots. Lower panels depict mean switch costs

in bars. All error bars indicate confidence intervals (1.96 × standard er-
ror). In the biased task condition, switch cost in the 39% switch condition
was significantly greater than the 61% condition. Switch cost differences
were not significant in the unbiased transfer task
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how switch proportion biases could operate on the level of
task-sets in the General Discussion. Consequently, these
results imply that participants do not enter a globally more
flexible state in high-switch proportion blocks.

Experiment 4

Experiments 3a and 3b investigated whether the adjust-
ments of switch readiness observed in Experiments 1 and
2 occur in a global, generalizable fashion, which would
allow them to transfer to an unbiased task embedded with-
in biased blocks. Our results suggest that the adjustments
of switch readiness were instead task specific, as modula-
tion of switch costs were observed only for tasks whose
switch frequency was biased. In other words, learned
switch readiness seems to be directly tied to those task sets
that are switched to more frequently. This finding, howev-
er, still leaves open two possible drivers of the list-wide
proportion switch effect, as a given task set associated with
frequent switching in our protocol also entails a specific
set of task stimuli that also occur more (or less) frequently
in the context of task repetitions or switches in different
blocks. That is, all the stimuli in high-switch proportion
blocks are presented more often as switch than repeat trials
(and the opposite is true for low switch proportion blocks).
Thus, in addition to introducing task-level biases, biased
blocks also create item-specific biases. Given that it has
previously been shown that switch readiness can become
associated with specific stimuli (Chiu & Egner, 2017;
Leboe, Wong, Crump, & Stobbe, 2008, Exp 1), it is pos-
sible that the list-wide switch proportion effect investigat-
ed here is entirely due to a cumulative item-specific switch
proportion effect.

In a final experiment, we therefore examined the role of
biased associations at the stimulus versus task level. This
was accomplished by reverting to the two-task design of
Experiment 1, but now adding a manipulation that divided
the stimuli used in each task set into a biased set (driving the
overall switch proportion) and an unbiased set that was
associated with an equal number of task repetitions and
switches (Bugg & Chanani, 2011). This set-up allowed us
to segregate possible item-specific switch proportion ef-
fects (analyzing biased stimuli) from possible task-level
switch proportion effects (analyzing unbiased stimuli).

Method

ParticipantsDue to the fact that we used a total of 16 stimuli,
participants were only exposed to each letter or number
one, two, or four times (depending on the experimental
conditions) in each block of 60 trials. This may be a prob-
lem for Experiment 4 as it depends on an item-level

manipulation of switch proportion associations; in order
to establish these item-level associations, participants must
encounter each letter/digit a sufficient number of times.
Given power concerns due to participants’ reduced chance
of exposure to each stimulus condition, we doubled the
target sample size compared with Experiments 1, 2, and
3a. A total of 120 participants were recruited from
MTurk. The experiment again lasted ~45 minutes, and the
same payment and exclusion criteria as Experiment 3 were
applied, leaving a final sample size of 82.

Stimuli and Procedures Task stimuli, trial components, and
timing were identical to Experiment 1. For each participant,
half of the stimuli items (i.e., 2 vowels, 2 consonants, 2 odd
digits, and 2 even digits) were pseudo-randomly selected as
biased stimuli, and the other half of the stimuli items were
selected as unbiased stimuli.

The experiment consisted of 8 blocks of 61 trials each.
The number of trials per block was doubled compared to
previous 3 experiments to ensure that participants encoun-
tered each of the 16 stimuli items at least once as a switch
and once as a repeat trial per block. Four blocks had a 30%
switch proportion, and four had a 70% switch proportion.
Trial sequences were pseudo-randomly generated accord-
ing to the same algorithm as in Experiment 1. Additionally,
the item relevant to the task cued on a given trial was
predetermined to create the biased versus unbiased stimu-
lus manipulation. For example, if the current task was the
digit task, the digit in the digit and letter stimulus pair was
predetermined while the letter was randomly selected from
the eight possible ones. The task-relevant items were
pseudo-randomly generated via an algorithm that ensured
the following: in the 30% switch block, the 8 biased items
were each presented 4 times as repeat trials and once as a
switch trial (total of 32 repeat and 8 switch trials with
biased stimuli items), and all the unbiased items were pre-
sented once each as a switch and repeat trial, except 2
which were presented twice each (total of 10 repeat and
10 switch trials with unbiased stimuli items). This created
an overall switch to repeat ratio of 18:42. In the 70%
switch block, the number of switch to repeat trials was
reversed for the biased stimuli, but it remained 10:10 for
the unbiased stimuli.

Design The experiment followed a 2 (task sequence: switch
vs. repeat) x 2 (stimulus bias: biased vs. unbiased) x 2 (switch
proportion: 30% vs. 70%) repeated-measures factorial design.

Results and Discussion

The same exclusion criteria (including RT exclusion) as in
Experiments 1, 2, and 3 were applied. Descriptive statistics
are displayed in Table 3.
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We ran a repeated-measures ANOVA with the indepen-
dent variables of task sequence (switch vs. repeat), stimulus
bias (biased vs. unbiased stimulus), and switch proportion
(30% vs. 70%). We observed a main effect of task se-
quence, as switch costs were significant (Mswitch = 763.01
ms; Mrepeat = 740.07 ms), F(1, 81) = 38.82, p < 0.0001, ηp

2

= 0.32. Moreover, RT for unbiased items (M = 760.51 ms)

was significantly slower than for biased items (M = 746.64
ms), F(1, 81) = 33.77, p < 0.0001, ηp

2 = 0.29. There was
again no main effect of switch proportion.

Importantly, we detected a task sequence × switch pro-
portion interaction, F(1,81) = 12.54, p = 0.0007, ηp

2 = 0.13,
wherein switch cost for the 30% switch condition
(Mswitchcost = 28.20 ms) was higher than for the 70% switch
condition (Mswitchcost = 14.04 ms). There was no interaction
between stimulus bias and switch proportion. More rele-
vant to our assessment of differential contributions of bi-
ased versus unbiased stimuli to the LWSPE, there was no
significant three-way interaction (F(1,81) = 0.00, p ≥ 0.99,
ηp

2 < 0.0001) (Fig. 6).
To directly examine whether the switch proportion effect

could be observed for unbiased stimuli, we ran separate
ANOVAs for biased and unbiased items, respectively.
This analysis confirmed that the task sequence × switch
proportion interaction was significant both for the biased
stimuli, F(1,81) = 8.46, p = 0.005, ηp

2 = 0.09, and the
unbiased stimuli, though the effect was numerically weaker
for the latter, F(1,81) = 4.86, p = 0.03, ηp

2 = 0.06.
The accuracy data showed a main effect of task se-

quence, reflecting significant switch costs (Mrepeat = 0.85;
–Mswitch = 0.80), F(1, 81) = 113.37, p < 0.0001, ηp

2 = 0.58.

Table 3. Mean response times (ms) and accuracy (%) with standard
error in Experiments 3a and 3b as a function of task bias and switch
proportion

Exp 4

30% 70%

Biased items RT Acc RT Acc

Switch 758.8 (11.9) 77.9 (1.6) 762.5 (10.2) 81.1 (1.2)

Repeat 732.7 (9.9) 85.1 (1.1) 750.5 (10.4) 86.5 (1.1)

Unbiased items

Switch 774.4 (11.6) 76.7 (1.4) 773.4 (11.1) 78.7 (1.2)

Repeat 744.0 (10.6) 82.7 (1.3) 756.2 (10.0) 84.5 (1.2)

Note.Data refers to group mean RTs (excluding error trials, trials follow-
ing error trials, and RT outliers) and accuracy percentage with SE in
parentheses

Fig. 6 Experiment 4 mean RTs and switch costs for A) biased and B)
unbiased stimuli sets. Upper panels depict group mean RTs in black
circles (repeat) and triangles (switch) and individual mean RTs in blue
(repeat) and yellow (switch) dots. Lower panels depict mean switch costs

in bars. All error bars indicate confidence intervals (1.96 × standard er-
ror). In both biased and unbiased stimuli sets, switch cost in the 30%
switch condition was greater than in the 70% switch condition
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There also was a significant effect of stimulus bias, F(1,81)
= 18.38, p < 0.0001, ηp

2 = 0.18, wherein biased stimuli
were associated with higher accuracy (Maccuracy = 0.83)
than unbiased stimuli (Maccuracy = 0.81). Accuracy also
was significantly higher in the 30% switch condition
(Maccuracy = 0.823) compared with the 70% switch condi-
tion (Maccuracy = 0.820), F(1,81) = 4.93, p = 0.03, ηp

2 =
0.06. Unlike in the RT data, there was no significant inter-
action effect between task sequence × switch proportion.
Separate ANOVAs on the two biased tasks and the unbi-
ased task also found no task sequence × switch proportion
interactions. All other main effects and interactions were
nonsignificant.

In summary, although trials containing biased items pro-
duced larger switch proportion modulations of switch costs,
significant switch cost adjustments also were detectable for
unbiased items. Experiment 4’s results therefore suggest
that item-level biases are not the sole driving factor behind
the LWPSE that we observed in Experiments 1, 2, and 3.
The LWPSE observed in unbiased items is likely driven by
task-level proportion biases. Unlike task-level bias, the
presence of item-level bias is therefore not a necessary con-
dition for making switch cost adjustments.

General Discussion

This study set out to characterize the nature of the learning
processes driving meta-control over cognitive flexibility, as
indexed by the LWPSE. In four experiments that manipu-
lated switch proportion, we demonstrated that the inverse
relationship between switch cost and the frequency of
switches in a block is driven by item- and task-level asso-
ciations, rather than the global, block-level context. We
find these modulations of switch costs primarily in the RT
but not in accuracy data, similar to several previous studies
on the LWPSE (Bonnin et al., 2011; Dreisback & Haider,
2006; Dreisbach et al., 2002). In line with previous work,
Experiments 1 and 2 found reliable switch cost reductions
for high proportion switch blocks when the cue-stimulus
interval was short (Monsell & Mizon, 2006) and that these
reductions occur even when participants cannot reliably
predict which specific task they would be switching to
(Chiu & Egner, 2017). Experiments 3a and 3b found that
switch cost for an unbiased transfer task was unaffected by
the block-wide switch-proportion context, suggesting that
block-level biasing of switch likelihood does not result in a
global, trans-task enhancement of cognitive flexibility. In
turn, this indicates that the LWPSE is driven by task- and/or
item-level learning of switch associations. Chiu & Egner
(2017) found item specific switch proportion effects on bi-
ased stimuli embedded in overall unbiased (50:50 switch/
repeat trials) blocks, thus demonstrating that item-level

biases can elicit switch cost adjustments. Experiment 4 in
the current study extends this finding by demonstrating that
item-level biases are not the only drivers of switch cost
adjustments. Rather, we also identified switch cost modu-
lation in the unbiased (presented equally often as switch
versus repeat trials) stimuli sets, indicating that task-level
bias can produce adaptation in flexibility even in the ab-
sence of item-level bias.

As we alluded to in the Discussion of Experiment 1, the
smaller switch costs in the high switch proportion condi-
tions across all four experiments were carried mainly by
slower RTs to repeat trials, rather than faster RTs to switch
trials (although switch trials were numerically faster in high
vs. low switch proportion blocks in all four experiments).
Most previous studies reported switch costs adjustments
driven by both switch and repeat trial types (Duthoo et al.,
2012; Monsell & Mizon, 2006), but some also have found
them driven predominantly by RT changes in repeat trials
(Dreisbach & Haider, 2006). Bonnin et al. (2011) provides
one possible explanation of the lack of switch trial RT ad-
aptations: they propose that backwards inhibition (Mayr &
Keele, 2000) may increase average switch trial RTs in high
switch frequency blocks, because high frequency blocks
contain more frequent switches back to the previous task
(i.e., “ABA” task sequences) compared with low-switch
frequency blocks. In support of this conjecture, Bonnin
et al. (2011), Experiment 1 documented numerically small-
er switch RT reductions in conditions with shorter (800 ms)
versus longer (1300 ms) response-stimulus intervals (RSI),
the latter of which should decrease the potency of back-
wards inhibition effects. We employed a 810-ms RSI in
the current series of experiments, which falls in the same
range as the short RSI condition in Bonnin et al. (2011).
Thus, even though our participants may have been
exhibiting greater switch-readiness in high switch frequen-
cy blocks, the resultant performance benefits may have
been be masked by concurrent backward inhibition effects,
an interpretation that is supported by the fact that we did not
actually observed slowed switch RTs due to backwards
inhibition effects in high switch frequency blocks.
However, additional systematic research into backwards
inhibition as another variable that can influence block-
wise switch cost adjustments is clearly warranted.

Task sets form the boundaries of control strategies

The lack of evidence for global list-wide proportion switch
effects in the present study appears to clash with findings
from conflict-control experiments that utilized a conceptu-
ally equivalent design of unbiased transfer items embedded
within biased blocks (list-wide proportion congruency
(LWPC) effects. For example, Bugg & Chanani (2011) de-
signed a picture-word Stroop task where sets of biased

Cogn Affect Behav Neurosci (2020) 20:757–782770



items (presented more frequently as incongruent or congru-
ent trials) were used to create mostly congruent or mostly
incongruent blocks, and intermixed with unbiased transfer
items (presented equally often as congruent and incongru-
ent stimuli). Hence, as in our design, the biased items were
biased both at the list-wide and item-specific levels, where-
as the unbiased items were biased only at the list-wide level.
Bugg & Chanani (2011) (see also Bugg, 2014; Hutchison,
2011) found that conflict (the RT difference between con-
gruent and incongruent trials) was reduced in mostly incon-
gruent compared to mostly congruent blocks for both stim-
ulus sets, thus providing evidence for the existence of list-
wide (global) effects of adjustments in conflict control.

Why would list-wise proportion-based adjustments in
cognitive control strategy generalize in this manner for con-
flict control but not for task switching? We posit that this
difference can be attributed to the key role that task sets
play in determining processing strategies, including atten-
tional sets (Egner, 2014; Hazeltine, Lightman, Schwarb, &
Schumacher, 2011; Schumacher & Hazeltine, 2016; Grant,
Cookson, & Weissman, 2020). In particular, in the case of
conflict-control, the generalization of list-wide proportion
effects to transfer items generally takes place within a sin-
gle task set (but see Surrey, Dreisbach, & Fischer (2017;
Exp 2) for an example of how context specific proportion
congruence (CSPC) effects generalized to a different task
set in a transfer block that maintained the same proportion
congruency bias). For example, in Bugg & Chanani’s
(2011) picture-word Stroop task, the task is always to name
the picture while ignoring the superimposed word, regard-
less of whether items are biased or unbiased. Because
conflict-driven adaptation effects are thought to reflect the
reinforcement of an ongoing task set (Botvinick, Braver,
Barch, Carter, & Cohen, 2001; Egner, 2008; Goschke,
2000), it makes sense that they would generalize to other
stimuli that are processed within the same attentional set
(here, “focus on pictures, ignore words”). These LWPC
transfer effects from the conflict control literature are in fact
directly comparable to the findings of task-level effects for
unbiased items we observed in Experiment 4; here, the un-
biased items for which we detected a transfer effect of the
switch proportion manipulation were part of the same task
set(s) within which the switch proportion bias occurred
(driven by other biased items), just as in the case of the
LWPC effects. Moreover, in a similar vein to our finding
that task-level control effects can be observed independent-
ly of item-specific learning, Schneider (2015) found re-
sponse congruency effects in a cued-task switching para-
digm even when stimulus items were never repeated (see
Appendix 2 for supplementary response congruency
analyses for the current study).

By contrast, we found no evidence for a transfer of
switch cost modulation to unbiased stimuli that were

associated with a distinct, unbiased task set. We are not
aware of any other studies in the proportion switch domain
where effects generalized in a trans-task fashion, although
one study in the realm of proportion congruency (Surrey
et al., 2017; Exp 2) showed transfer of CSPC effects when
participants performed a new task (categorizing numbers as
odd/even versus categorizing letters as consonant/vowel) in
the same proportion congruence context. Our results are not
directly comparable with Surrey et al. (2017), because the
transfer task in our paradigm was presented with unbiased
switch associations regardless of block-wide context. More
future experiments would be required to delineate the exact
conditions under which cross-task transfer occurs.
Nonetheless, findings from the current study suggest that
task sets might form the overarching cognitive structure
within which frequency-driven learning of context-
appropriate control strategies takes place: people are able
to adapt cognitive flexibility to the specific statistics of the
task(s) at hand, but they do not generalize those flexibility
settings to the broader temporal (list-wide) context when
having to switch to a different, unbiased task.

A potential caveat to these conclusions is that we did not
assess potential transfer effects in the context of more ex-
treme switch proportion biases than 70:30. While we (and
previous studies) observed reliable switch proportion ef-
fects on the biased task sets and biased and unbiased item-
levels using 70:30 (and even 61:39) trial type proportions in
the absence of any evidence for cross-task transfer, we can-
not technically rule out the possibility that such effects
could be observed under more extreme statistics (e.g.,
90:10). However, one also could predict that a more ex-
treme switch proportion bias would make detection of
cross-task transfer less likely, as it also would make it easier
for participants to distinguish between the heavily biased
tasks and the transfer task which remains neutral. Likewise,
it is possible that cross-task transfer may develop if block
numbers were increased further and participants had more
time to acquire switch bias associations. We tested this idea
in supplementary analyses conducted on Experiments 3a
and b, where we examined how task phase (early or late)
interacted with our other experimental variables (see
Appendix 4). The analyses indicated that task phase did
not interact significantly with task sequence, switch propor-
tion, or task in either experiment, indicating that it is un-
likely that transfer effects would emerge if we substantially
increased trial numbers.

How are task-specific switch readiness adjustments
implemented?

In assessing possible drivers of learning that may mediate
the LWPSE, we have shown that strategic shifts in switch
readiness are mediated by associating task sets and task
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stimuli with their respective switch likelihood. But how
exactly are these adjustments carried out in terms of the
underlying mechanisms of task-set regulation? We consid-
er two, not mutually exclusive, possible sites of action: one
related to the processes involved in switching (that is, task
set reconfiguration and/or resolution of interference), and
the other related task set representation (that is, the level of
activation or shielding of the task rules).

In terms of switch processes, we believe that the cur-
rent data are more in line with effects of switch proportion
on task-set reconfiguration than on the processes of over-
coming task-set inertia or resolving associative interfer-
ence. First, the present study replicated the finding that
the LWSP effect is dependent on CSI in the presence of
constant RSIs (Experiment 1, and Monsell & Mizon,
2006). Because the former is typically assumed to affect
task-set reconfiguration processes (Rogers & Monsell,
1995), whereas that latter is thought to modulate effects
of task-set inertia (Sohn & Anderson, 2001), this indicates
that the present switch proportion effects are more likely
related to modulation of reconfiguration processes than of
those involved in overcoming inertia from the previous-
trial task-set. Moreover, the present study employed uni-
valent stimuli (presented side-by-side), and task stimuli
associated with the uncued tasks did not systematically
vary between different switch frequency conditions. The
former aspect is likely to reduce associative task-set inter-
ference triggered by uncued task stimuli (Waszak,
Hommel, & Allport, 2003), and even if such effects con-
tributed to switch costs in the present study, it is not clear
how they would differentially affect the different switch
proportion conditions.

Monsell & Mizon (2006) proposed that the switch pro-
portion effect observed in their study, which did not dis-
tinguish block-wide from task-set or item-related learning,
may reflect either a strategy whereby participants shift
from a default carryover of the prior task set to prepara-
tion of the alternative task that is implemented either be-
fore or after task cue onset (or both). The present study
constrains these possibilities in important ways: first,
Experiment 2 has shown that any such strategy shift is
not dependent on preparation for one specific other task
but can be effective in conditions of three tasks, where no
single alternate task is predictable. Second, because we
did not observe transfer to an unbiased task (Experiment
3a, b), it seems unlikely that the switch frequency-driven
change in preparation processes occurred before the task
cue or stimulus onset, because in that case one would
anticipate transfer effects. Rather, it appears that under
high switch likelihood, the shift from preparing for task-
set repetition to preparing for a switch is bound to specific
task cues or items, and therefore only becomes effective
after task cue or stimulus onset.

If the CSI is long, the strategy (or expectation) invoked
by the biased switch proportions can be overridden
(Experiment 1), but at short CSIs, these effects can be
observed (Experiments 1-4), such that when the actual
requirements do not match the expected control settings,
performance costs will be incurred (in the present case,
slower task repetition performance when the task cue or
item is predictive of switching). Together, these results
suggest that the effects of switch proportion are mediated
via fast, bottom-up (task cue- or item-triggered) priming
of the context-appropriate control setting (King et al.,
2012). This explanation is conceptually equivalent to the
account of stimulus-triggered reactive conflict-control
processes mediating the item-specific proportion congru-
ency effect (Bugg & Hutchison, 2013), but in the present
case the process in question relates to task-set reconfigu-
ration rather than conflict resolution and can be triggered
both by biased task cues and task stimuli.

In terms of effects mediated by the relative levels of
activation (and/or shielding) of task-set representations,
there are two a priori possibilities; either frequently
switched-to tasks are retained in a more activated state
or they become less activated (or less stable). First, it
seems superficially plausible that frequently switched-to
task-sets incur smaller switch costs, because they are
maintained at a higher level of activation (compared
with conditions where they are not switched to very
often). However, we believe that this is an unlikely sce-
nario, because in that case, one would predict a general
RT reduction for the switch-biased tasks, regardless of
whether they occur on switch or repeat trials, rather than
the observed switch cost reductions that are in great part
driven by repeat trial RT increases. Similarly, generally
heightened activation of task-sets under high switch fre-
quency also would predict a greater degree of task-set
inertia, i.e., involuntary priming by the previous task set
(Allport & Wylie, 1999), which should again result in
reduced repeat trial RTs, contrary to the observed data.
These factors make it unlikely that switching to tasks
more frequently increases the strength of their
activation.

In contrast, the possibility that task set representations
become less activated (less stable or less well-shielded)
under conditions of frequent switching seems more con-
gruent with the current findings: less stable sets would be
expected to be switched to and from more easily but also
provide less benefits of task repetitions, which is in line
with the repeat RT increases we observed in the current
study under high switch frequency conditions. The idea
that greater flexibility corresponds to weaker task-set ac-
tivation is also supported by recent neuroimaging evi-
dence from Qiao, Zhang, Chen, & Egner (2017), who
found via multi-voxel pattern analysis on frontoparietal
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cortex activity patterns that neural task-set representa-
tions are less stably encoded on task switch compared
to repeat trials.

Note that the two speculative explanations that we of-
fer, modulation of task-set reconfiguration and differential
task-set activation/shielding, are not mutually exclusive—
it is quite likely that both processes contribute to our
observed results. In summary, our data suggest that in-
stead of entering flexible versus stable global cognitive
states that span the duration of a block, people seem to
shift between more flexible versus more stable processing
modes based on learning which specific tasks or items
require greater switch-readiness or greater task-set
shielding. In other words, people learn to link a context-
appropriate meta-control state (e.g., an “updating thresh-
old” setting) to task sets and stimuli and are capable of
rapidly retrieving or activating that state in a bottom-up
manner. These results carry practical implications for at-
tempts to train cognitive flexibility and stability, because
they demonstrate that not only external context, such as
the degree of volatility in an environment, but also inter-
nal context, such as task-sets or goals, matters for learning
or improving on a particular cognitive strategy.

Finally, an interesting additional question might be to
what degree the learning process that we conceptualize as
reflecting the acquisition of strategic (goal-directed) meta-
control settings is an implicit or explicit one. We can only
speculate on this, because we neither manipulated nor
probed participants’ awareness of the different switch pro-
portion conditions. However, while the role of conscious
awareness and understanding of cues for control is gener-
ally still ill-understood (e.g., Farooqui & Manly, 2015;
Bejjani, Dolgin, Zhang, & Egner, 2020a), a number of
related studies in the domain of conflict-control, specifi-
cally proportion congruent manipulations, have tested par-
ticipants for their understanding of the experimental ma-
nipulations and have typically detected little or no explicit
insight (Crump, Vaquero, & Milliken, 2008; King, Korb,
& Egner, 2012; Reuss, Desender, Kiesel, and Kunde,
2014; Schmidt, Crump, Cheesman, & Besner, 2007;
Bejjani, Tan, & Egner, 2020b). It therefore seems likely
that the same was true for the current experiments. If this
assumption were correct, it would in turn indicate that
meta-control, defined as adjusting the balance between
complimentary control modes in a context-appropriate
manner (Goschke, 2013), can in fact be accomplished by
implicit learning processes. This would be consistent with
perspectives that ground cognitive control in associative
binding and learning processes, which do not necessarily
require explicit awareness of the triggers and/or imple-
mentation of contextual adaptation in processing strate-
gies (Egner, 2014; Abrahamse, Braem, Notebaert, &
Verguts, 2016).

Possible Neural Mechanisms

How may the type of adjustments in cognitive flexibility
that we document here in behavior play out in the brain?
In the cognitive neuroscience literature, the effective
maintenance of task sets has traditionally been associated
with the dorsolateral prefrontal cortex (dlPFC) (Waskom,
Kumaran , Gordon, Rissman, & Wagner , 2014;
Wisniewski, Reverberi, Momennejad, Kahnt, & Haynes,
2015; Woolgar, Hampshire, Thompson, & Duncan, 2011),
and, as alluded to before, recent work by Qiao et al.
( 2017 ) sugges t s tha t t he s t ab i l i t y o f t a sk se t
representations—as assessed by their decodability using
fMRI multivoxel pattern analysis—is reduced during task
switch compared with repeat trials. So one possibility is
that an increase in switch-readiness under conditions of
high switch-likelihood may be mediated by a strategic
destabilization of dlPFC task-set representations (see our
speculation on less activated task sets, above). Another,
not mutually exclusive possibility is that learned changes
in cognitive flexibility are mediated by the basal ganglia
(BG), which are thought to play the role of a gating mech-
anism for updating (or not) dlPFC working memory con-
tent (Frank, Loughry, & O'Reilly, 2001; O'Reilly &
Frank, 2006) including task sets (e.g. Cools, Sheridan,
Jacobs, & D'Esposito, 2007). Here, greater switch-
readiness may be associated with a lower threshold for
gate-opening in the BG. In line with this latter possibility,
it has been shown that item-specific proportion congruen-
cy effects involve prominent contributions by the caudate
nucleus (Chiu, Jiang, & Egner, 2017). However, no neu-
roimaging study to date has directly assessed the neural
signature of the LWSPE, such that a proper evaluation of
the above hypotheses is left to future studies.

Conclusions

We presented a novel, systematic comparison of block-,
task-, and item-level effects of switch proportion biases
to elucidate the underlying mechanisms of the LWPSE.
We observed reliable modulation of switch costs by
switch proportion that was driven by participants
forming associations between switch-likelihood and spe-
cific task sets and stimuli. These learned adjustments in
cognitive flexibility did not generalize to an unbiased
task within the same block, suggesting that task sets de-
fine a critical boundary for learning and applying suit-
able meta-control settings. Thus, cognitive flexibility
(switch-readiness) can be strategically adapted to varying
contextual demands, but the context that matters is not
temporal (experimental block) but rather the task goal
and task stimuli.
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Appendix 1 – Trial Exclusion and Frequency
Tables

Table 4 Excluded trial counts and final number remaining in smallest and largest cells in the respective experimental designs

Total count # of Error or Post-Error Trials # of RT outliers Final count Smallest cell Largest cell

Exp 1 (N = 40)
2 (task sequence) x 3 (switch frequency) x 2 (CSI)
Overall 21600 3102 132 18366 876 2281
Per Subject 540 77.55 3.3 459.15 21.9 57.025
% per subj 0.14361111 0.006 0.85
Exp 2 (N = 80)
2 (task sequence) x 2 (switch frequency)
Overall 9840 1750 68 8022 1140 2950
Per subj 123 21.88 0.85 100.28 14.25 36.88
% per subj 0.18 0.007 0.82
Exp 3a (N = 41)
2 (task sequence) x 2 (switch frequency) x 2 (task bias)
Overall 19680 3242 173 16265 992 4483
Per subj 480 79.07 4.22 396.71 24.20 109.34
% per subj 0.16 0.008 0.83
Exp 3b (N = 61)
2 (task sequence) x 2 (switch frequency) x 2 (task bias)
Overall 41724 7484 261 33979 1664 9961
Num per subj 684 122.69 4.28 557.03 27.28 163.30
% per subj 0.18 0.006 0.81
Exp 4 (N = 82)
2 (task sequence) x 2 (switch frequency) x 2 (stimulus bias)
Overall 39360 7020 165 32175 2029 8859
Num per subj 480 85.61 2.01 392.38 24.74 108.04
% per subj 0.18 0.004 0.82

Note.Overall refers to the total number of trials in the full dataset. Average per subject trial counts are calculated by dividing overall trial count by number
of subjects in data set. Average percentage of trials per subject excluded due to error or RT outliers refers to the total count divided by the average per
subject total trial counts. Numbers do not include practice blocks and starting trial of each block

Table 5 Frequencies of task
presentations as switch and repeat
trials per different switch
frequency blocks

30% Switch 70% Switch 50% Switch

Switch Rep Total Switch Rep Total Switch Rep Total

Exp 1
Task A 4 11 15 11 4 15 7 8 15
Task B 5 10 15 10 5 15 8 7 15
Total 9 21 30 21 9 30 15 15 30
Exp 2
Task A 3 7 10 7 3 10
Task B 3 7 10 7 3 10
Task C 3 7 10 7 3 10
Total 9 21 30 21 9 30
Exp 3a
Biased 1 2 8 10 8 2 10
Biased 2 2 8 10 8 2 10
Transfer 5 5 10 5 5 10
Total 9 21 30 21 9 30
Exp 3b
Biased 1 5 10 15 10 5 15
Biased 2 6 9 15 9 6 15
Transfer 4 4 8 4 4 8
Total 15 23 38 23 15 38
Exp 4
Task A 9 21 30 21 9 30
Task B 9 21 30 21 9 30
Total 18 42 60 42 18 60

Note: The identity of each task (digit, number, color tasks) is randomized across participants to be task A/B/C or
biased task 1/biased task 2/transfer task. Numbers do not include the random starting task (first trial in each block)
or the practice block, which were removed from analyses. There were 18 blocks in E1, 8 blocks in E2, 16 blocks in
E3a, 18 blocks in E3b, and 8 blocks in E4
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Appendix 2 – Congruency Effects

For Experiments 1-4, we categorized trials as congruent or
incongruent, depending on whether the same response to the
stimulus would have been required for both tasks (congruent)
or different responses (incongruent), and added congruency as
an additional independent variable in our ANOVA designs.
This congruency effect (slower and less accurate responses for
incongruent than congruent trials) in task switching experi-
ments with overlapping response sets is considered a metric
of cross-task interference (Kiesel et al., 2010, Rogers &
Monsell, 1995; Meiran & Kessler, 2008; Wendt & Kiesel,
2008), and congruency effects are typically found to be am-
plified on switch compared to repeat trials, which is thought to
reflect reduced task-set shielding during the switch process
(Kiesel et al., 2010; Waszak et al., 2003). Congruency effects
can therefore be regarded as another way of assessing the
relative stability (or shielding strength) of a current task-set.
However, since our experiments were not designed a priori to
address the effects of congruency, with the addition of this
factor the number of trials per cell/condition may not be suf-
ficient to guarantee high power to detect true effects, such that
caution is warranted in interpreting the effects reported here.
Please also note that we here only report on effects involving
the congruency factor, so as to not re-report the findings al-
ready presented in the main manuscript.

Experiment 1

Response Times We ran a repeated-measures analysis of var-
iance (ANOVA) with the independent variables of task se-
quence (switch vs. repeat), CSI (long vs. short), switch fre-
quency (30% vs. 50% vs. 70%), and congruency (congruent v.
incongruent) on dependent variable RT. We observed a main
effect of congruency (F(1,39) = 28.67, p < 0.0001, ηp

2 = 0.62),
as reflected in slower RTs for incongruent trials (M = 730.60
ms) compared with congruent trials (M = 716.18 ms) and a
congruency × CSI interaction (F(1, 39) = 5.86, p = 0.02, ηp

2 =
0.13), wherein the RT differences between incongruent and
congruent trials were larger for short CSI trials (Mdiff = 25.18
ms) than long CSI trials (Mdiff = 15.11 ms). In other words,
with more preparation time for implementing the cued task,
the degree of cross-task interference was reduced, presumably
due to a more stable (better shielded) task-set representation at
the time of task stimulus onset. No other interaction effects
involving the congruency factor reached significance.

Accuracy An ANOVA with the same design was run on sub-
ject’s mean accuracy rate. We observed a main effect of con-
gruency (F(1,39) = 29.50, p < 0.0001, ηp

2 = 0.43), reflected in
lower accuracy rate for incongruent trials (M = 0.81) com-
pared with congruent trials (M = 0.90), and a congruency ×
task sequence interaction (F(1, 39) = 19.93, p < 0.0001, ηp

2 =
0.34), wherein the accuracy switch costs were larger in

incongruent (Mrepeat – switch = 0.073) comparedwith congruent
trials (Mrepeat – switch = 0.015). This is an oft-observed interac-
tion effect in the literature taken as evidence for greater cross-
task interference during switch as compared to repeat trials
(Kiesel et al., 2010; Kiesel, Wendt, & Peters, 2007; Wendt
& Kiesel, 2008). There was a significant interaction between
congruency × CSI Type (F(1, 39) = 19.93, p < 0.0001, ηp

2 =
0.34), wherein the difference between congruent and incon-
gruent trials accuracy rates was larger in short CSI trials (Mdiff

= 0.11) than long CSI trials (Mdiff = 0.07) – the same effect we
observed in the RT analysis.

The interaction between congruency × switch frequency
was also significant, wherein accuracies decrease as switch
frequency increases for congruent trials (0.92, 0.89, 0.88 for
30%, 50%, 70% switch blocks respectively) where there is
less of this trend for incongruent trials (0.81, 0.81, 0.80 for
30%, 50%, 70% switch blocks respectively). The three-way
interaction effect of congruency × task sequence × switch
frequency also reached significance (F(1, 97) = 4.29, p =
0.02, ηp

2 = 0.10). Figure 7 shows that this reflected a pattern
of decreasing switch costs and increasing switch frequency,
mirroring the RT LWPSE effect reported in the main manu-
script, that was only evident for incongruent trials in the short
CSI condition. This is in line with the notion that the list-wide
switch statistics are only used to bias switch readiness when
the CSI is short (see Experiment 1 RT findings reported in
main manuscript), and that adapting to a higher proportion of
switch trials is associated with decreased task shielding and
thus, greater cross-task interference, on incongruent trials).

Experiment 2 In Experiment 2, as in our other three tasks
designs, we categorized trials as congruent (where all three
tasks required the same response), partially incongruent
(where only 1 other task required a different response), and
completely incongruent (where both other tasks required dif-
ferent responses).

Response Times In a repeated-measures analysis of variance
(ANOVA) with the independent variables of task sequence
(switch vs. repeat), switch frequency (30% vs. 70%), and
congruency (congruent, partially incongruent v. completely
incongruent) on dependent variable RT, we observed a
marginally significant main effect of congruency (F(2,80)
= 2.67, p = 0.08, ηp

2 = 0.06) reflected in fastest RTs for
congruent trials (M = 813.96 ms), followed by partially
incongruent trials (M = 827.14 ms), and slowest RTs for
completely incongruent trials (M = 821.35 ms), and a mar-
ginally significant congruency × task sequence interaction
(F(2, 80) = 2.87, p = 0.06, ηp

2 = 0.07), where switch costs
were highest in the completely incongruent trials (70.64
ms), lower in the partially incongruent trials (55.29 ms),
and lowest in the congruent trials (52.13 ms). No other
interactions involving congruency reached significance.
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Accuracy An ANOVA with the same design was run on sub-
ject’s mean accuracy rate. We observed a main effect of con-
gruency (F(1.74, 69.44) = 8.99, p = 0.06, ηp

2 = 0.18), reflected
in highest accuracy rates for congruent trials (M = 0.85),
followed by partially incongruent trials (M = 0.82), and lowest
accuracy rates in completely incongruent trials (M = 0.80). No
other effects involving congruency reached significance.

Experiment 3a

Response Times In a repeated-measures analysis of variance
(ANOVA) with the independent variables of task sequence
(switch vs. repeat), switch frequency (30% vs. 70%), task (biased
task 1, biased task 2 vs. transfer task) and congruency (congruent,
partially incongruent vs. completely incongruent), we observed a
marginally significant congruency × switch frequency interaction
(F(2, 60) = 2.78, p = 0.07, ηp

2 = 0.08): in 30% switch frequency
blocks congruent trials were associated with faster RTs (M =
789.7 ms) than partially congruent trials (M = 801.94 ms) but
this pattern was reversed in the 70% switch frequency blocks
where congruent trials were associated with slower RTs (M =

805.28 ms) than partially incongruent trials (800.58 ms).
Completely incongruent trials were associated with the slowest
RTs irrespective of switch frequency. No other effects involving
congruency were observed.

Accuracy An ANOVA with the same design was run on sub-
ject’s mean accuracy rate. We observed a main effect of con-
gruency (F(1.74, 69.58) = 4.49, p = 0.02, ηp

2 = 0.10), reflected
in highest accuracy rates for congruent trials (M = 0.855),
followed by partially incongruent trials (M = 0.829), and low-
est accuracy rates in completely incongruent trials (M =
0.827). We also found a marginally significant interaction
between congruency × task (F(2.49, 97.18) = 2.48, p = 0.08,
ηp

2 = 0.06), where accuracy rate differences were affected by
congruency most strongly in task A (though the identity of
task A, i.e., whether it was the letter, digit, or number task, was
randomized across participants).

Experiment 3b

Response Times In a repeated-measures analysis of variance
(ANOVA) with the independent variables of task sequence

Fig. 7 Experiment 1 switch costs in accuracy rates (repeat trials mean
accuracy – switch trials mean accuracy) broken down by CSI, congruen-
cy, and switch proportion. Error bars indicate confidence intervals (1.96 ×

standard error). The canonical inverse relationship between switch cost
and switch proportion is only observed in the short CSI, incongruent trials
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(switch vs. repeat), switch frequency (30% vs. 70%), task
bias (biased vs. transfer task) and congruency (congruent,
partially incongruent vs. completely incongruent), we ob-
served a marginally significant main effect of congruency
(F(2, 112) = 3.07, p = .05, ηp

2 = .05), where congruent trials
were associated with the faster RTs (775.10 ms) compared
with partially incongruent (783.09 ms) and completely in-
congruent trials (781.70 ms). There also was a significant
congruency × task sequence interaction (F(2, 112) = 4.02, p
= 0.02, ηp

2 = 0.07), where switch costs were smallest in
congruent trials (M = 33.44 ms), followed by partially in-
congruent trials (M = 49.64 ms), and completely incongru-
ent trials (M = 56.86 ms).

Accuracy An ANOVA with the same design was run on sub-
ject’s mean accuracy rate. We observed a main effect of con-
gruency (F(1.79,107.37) = 18.54, p < 0.0001, ηp

2 = 0.24),
reflected in highest accuracy rates for congruent trials (M =
0.86) compared with partially incongruent (M = 0.808) and
completely incongruent trials (M = 0.805), and a congruency
× task sequence interaction (F(1.85,111.2) = 9.61, p = 0.0002,
ηp

2 = 0.14), wherein the accuracy switch costs were lowest in
congruent trials (Mrepeat – switch = 0.038), followed by partially
incongruent trials (Mrepeat – switch = 0.060) and completely
incongruent trials (Mrepeat – switch = 0.088). There is a signifi-
cant three-way interaction between congruency × task bias ×
task sequence (F(1.84, 110.69) = 4.58, p = 0.01, ηp

2 = 0.07)
and between congruency × switch proportion × task sequence
(F(1.74, 104.47) = 5.26, p = 0.009, ηp

2 = 0.08). Furthermore,
we identified a significant four-way interaction between con-
gruency × task bias × switch proportion × task sequence
(F(1.96, 117.86) = 3.22, p = 0.04, ηp

2 = 0.05). Post-hoc
pair-wise comparisons revealed that switch costs only signif-
icantly differed between 30% and 70% switch frequency con-
ditions in the congruent trials of the transfer task (p = 0.002),
possibly driving the four-way interaction. This interaction is
depicted in Figure 8.

Experiment 4

Response Times We ran a repeated-measures analysis of
variance (ANOVA) with the independent variables of task
sequence (switch vs. repeat), switch frequency (30% vs.
70%), stimulus bias (biased vs. unbiased) and congruency
(congruent vs. incongruent). We found a significant main
effect of congruency (F(1,81) = 51.07, p < 0.0001, ηp

2 =
0.39) that was characterized by faster RTs in congruent
trials (M = 737.00 ms) than incongruent trials (M =
767.67 ms), as well as a marginally significant interaction
effect of congruency × task sequence (F(1,81) = 2.89, p =
0.09, ηp

2 = 0.03), where switch costs were marginally
greater in incongruent trials (M = 26.05 ms) compared to
congruent trials (M = 18.51 ms).

Accuracy An ANOVA with the same design was run on
subjects’ mean accuracy rate. We again identified a signif-
icant main effect of congruency (F(1,81) = 76.15, p <
0.0001, ηp

2 = 0.48), where accuracy rates were higher for
congruent (M = .884) compared to incongruent (M = 0.760)
trials. The analysis also found a significant congruency ×
task sequence interaction (F(1,81) = 28.35, p < 0.0001, ηp

2

= 0.26), where accuracy switch costs were greater for in-
congruent (M = 0.090) compared with congruent (M =
0.034) trials, and a marginally significant congruency ×
switch frequency interaction (F(1,81) = 3.71, p = 0.06,
ηp

2 = 0.04), where accuracy differences between congruent
and incongruent trials are larger in the 70% switch condi-
tion (Mcongruent – incongruent = 0.13) than in the 30% switch
condition (M = 0.12). This finding is in line with the idea of
less task-set shielding taking place in the high switch pro-
portion condition. There also were significant three way
interactions between congruency × task sequence × switch
frequency (F(1,81) = 7.92, p = 0.006, ηp

2 = 0.09), wherein
the inverse relationship between switch cost and switch
frequency seem to be more consistent in incongruent trials
(Figure 9), where task shielding is more crucial to perfor-
mance. Lastly, there was a significant three-way interaction
of congruency × stimulus bias × switch frequency (F(1,81)
= 5.25, p = 0.02, ηp

2 = 0.06). Post-hoc pairwise compari-
sons indicated that accuracy was higher in 70% switch fre-
quency for all combination of congruency × stimulus bias
conditions (p = 0.027, 0.001, 0.01 for biased incongruent
trials, unbiased incongruent trials, and biased congruent
trials respectively) except the unbiased, congruent trials (p
= 0.8).

Appendix 3 – Experiment 3 Alternative
Analyses

Alternative ANOVA Models for Experiment 3

It was suggested that modeling task as a three-level factor
(biased task 1, biased task 2, transfer task) rather than task
bias as a two-level factor (biased vs. transfer task) may be a
good way to control for unequal trial numbers between the
biased and transfer task conditions. While we chose to mod-
el task bias as a two-level factor in the manuscript for sim-
plicity of presentation and better correspondence with fig-
ures and tables, we report ANOVA results, in RT and ac-
curacy, from the alternative model here.

Exp 3a

Response TimesWe ran a repeated-measures ANOVA with
the independent variables of task sequence (switch vs. re-
peat), task bias (biased task 1, biased task 2, vs. unbiased
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task), and switch proportion (30% vs. 70%). We observed a
main effect of task sequence on RT, (F(1,40) = 142.89, p ≤
0.001, ηp

2 = 0.78)., as responses on switch trials were
slower (Mswitch = 829.25 ms) than on repeat trials (Mrepeat

= 758.51 ms). As in Experiments 1 and 2, there was a sig-
nificant interaction effect of task sequence × switch propor-
tion, F(1,40) = 11.12, p = 0.002, ηp

2 = 0.22, wherein switch
costs were higher in the 30% switch condition (Mswitchcost =
78.06 ms) compared with the 70% switch condition
(Mswitchcost = 57.82 ms).

The previously significant three-way interaction between
task sequence, switch proportion, and task bias was

marginally significant in this analysis, (F(1.91, 76.34) =
3.08, p = 0.05, ηp

2 = 0.07).

Accuracy Accuracy data showed a significant main effect of
task sequence reflecting significant switch costs (Mrepeat =
0.87; – Mswitch = 0.80), F(1, 40) = 58.77, p < 0.0001, ηp

2 =
0.60. As before, we observed a marginally significant interac-
tion of task sequence × switch frequency F(1, 40) = 3.15, p =
0.08, ηp

2 = 0.07. We also observed a significant task sequence
× task interaction that we did not see in the ANOVA using
task bias as a factor. This interaction is driven by lower accu-
racy switch costs for the transfer task (Mswitchcost = 0.045)

Fig. 8 Experiment 3b switch costs in accuracy rates (repeat trials mean
accuracy – switch trials mean accuracy) broken down by task bias, con-
gruency, and switch proportion. Partially Inc (Incongruent) condition
refer to trials where one of the uncued tasks requires a different response,
but the other uncued task requires the same response as the cued task.

Completely Inc (Incongruent) trials refer to trials where both uncued tasks
require a different response. Error bars indicate confidence intervals (1.96
× standard error). The difference between switch costs across switch
proportion conditions is only significant in congruent, transfer task trials

Cogn Affect Behav Neurosci (2020) 20:757–782778



compared with the two biased tasks (Mswitchcost = 0.057 and
0.087)

Exp 3b

Response TimesWe ran a repeated-measures ANOVA with
the independent variables of task sequence (switch vs. re-
peat), task (biased task 1 vs. biased task 2 vs. unbiased
task), and switch proportion (low vs. high). We observed
a main effect of task sequence on RT, F(1, 60) = 171.01, p <
0.0001, ηp

2 = 0.74, as responses on switch trials were
slower (Mswitch = 802.32 ms) compared with repeat trials
(Mrepeat = 756.07 ms). The previously marginally signifi-
cant interaction between task sequence × switch proportion
reached significance, F(1,60) = 7.91, p = 0.007, ηp

2 = 0.12,
wherein switch costs were higher in the low switch condi-
tion (Mswitchcost = 49.96 ms) compared with the high switch
condition (Mswitchcost = 41.28 ms). The previously margin-
ally significant three-way interaction between task se-
quence, switch proportion, and task-bias was nonsignifi-
cant (F(1,60) = 2.17, p = 0.12, ηp

2 = 0.03).

Accuracy Only the main effect of task sequence was signifi-
cant in the accuracy data (Mrepeat = 0.86; – Mswitch = 0.79),
F(1, 60) = 115.76, p < 0.0001, ηp

2 = 0.66.

Appendix 4 – Experiment 3 Task Phase Effects

We considered the possibility that transfer effects may emerge
only after some practice with the task(s). To test whether po-
tential transfer effects in Experiment 3 were stronger in later
blocks of the experiment, we added Task Phase as another
factor to the original ANOVA. Because we presented all
blocks with the same switch proportion together (with the
30% switch frequency blocks presented first for roughly half
of the subjects), we divided the data from each subject into
quarters and designated the first and third quarters of the data
as “early” trials, where participants are first introduced to the
new switch frequency bias (whether it be 30% or 70% switch),
and the second and fourth quarters as “late” trials, where par-
ticipants had already been exposed to the switch frequency
bias for a couple of blocks. In Experiment 3b, which contained
18 blocks, block numbers 5 and 14 were dropped so that there

Fig. 9 Experiment 4 switch costs in accuracy rates (repeat trials mean
accuracy – switch trials mean accuracy) broken down by stimulus bias,
congruency, and switch frequency. Error bars indicate confidence

intervals (1.96 × standard error). Inverse relationship between switch
costs and switch frequency appears to be more prominent in incongruent
trials
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were 8 blocks in each task phase. We will only report effects
relevant to task phase.

Response Times

For Experiments 3a and b, we ran a repeated-measures
ANOVA with the independent variables task sequence
(switch vs. repeat), task bias (biased v. transfer), switch pro-
portion (low vs. high), and task phase (early vs. late). There
was a main effect of task phase whereby reaction times are
shorter in the latter half of the experiment, F(1,40) = 27.51, p <
0.0001, ηp

2 = 0.41 and F(1, 60) = 32.51, p < 0.0001, ηp
2 =

0.35 respectively for 3a and 3b. Task phase did not interact
significantly or marginally significantly with task sequence,
switch proportion, or task bias in either experiment.

Accuracy

The accuracy data showed a similar main effect of task phase,
F(1,40) = 4.72, p < 0.04, ηp

2 = 0.41 and F(1, 60) = 16.84, p <
0.0001, ηp

2 = 0.22, for Experiments 3a and 3b, respectively.
Task phase did not interact significantly or marginally signif-
icantly with task sequence, switch proportion, or task bias in
Experiment 3a. There was a marginally significant interaction
between task phase, task bias, and switch proportion in
Experiment 3b. This marginal significance should not impact
the interpretations for the results reported in the manuscript,
because task phase did not interact with task sequence, sug-
gesting that it had no impact on the switch cost modulations
that we were interested in.
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