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Abstract

Concept change is a fundamental cognitive process that en-
ables individuals to adapt to new and conflicting informa-
tion. To investigate the mechanisms underlying such adapta-
tions, we introduce the Counting Game, an abstract rule-based
paradigm. In this article, we evaluate whether the paradigm
effectively captures complexity differences between different
types of manipulations. Our experiment involved counting
tasks where participants had to apply rules that modify how
certain objects are counted, enabling us to examine the ef-
fects of perceptual complexity, rule operations, rule interac-
tions, temporal dependencies and scope. We analyzed accu-
racy and response times to assess whether these manipulations
elicit desired effects. Additionally, we constructed predictive
models to identify key features influencing task difficulty. By
evaluating the theoretical soundness of the Counting Game, we
establish an empirical foundations for future studies on forget-
ting operations, among other concept changes.

Keywords: Cognitive Complexity; Concept Change; Rule
Updating; Forgetting Operations

Introduction

Rule changes involve adapting to new or conflicting informa-
tion and play a crucial role in problem solving, decision mak-
ing and learning. Whether adjusting to a new environment
or integrating new knowledge, humans continuously modify
existing and previously known concepts and rules in order
to navigate the world. Consider an everyday action, such as
crossing the street. In Paris, you must first look left to check
for oncoming traffic. However, should you travel to London,
you must immediately switch to looking right to avoid dan-
gerous situations. Applying the wrong rule at the wrong time
can have serious consequences. Fortunately, most of our daily
activities involving rule adjustments — such as adapting to a
new operating system or learning to play a new board game —
occur smoothly. Other changes, such as breaking an addictive
habit, like smoking, can be significantly more challenging.
Humans continuously encounter new objects and situa-
tions, requiring them to use a range of cognitive mechanisms
to categorize and interpret information. Understanding how
we acquire and update such categorization rules is central in
cognitive science. Experimental approaches in this field of-
ten use rule-based systems to analyze how individuals update
concepts. For example, Brand, Dames, Puricelli, and Ragni
(2022) conducted a study to investigate the cognitive costs of
adding new categorization rules or altering previously learned
rules. They found that modifying an existing rule was less
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cognitively demanding than adding a new one indicating the
presence of processes depending on the number or complex-
ity of the rules. Additionally, they found that categorization
performance improves when new rules align with old ones,
but in case of conflicting situations, this was no longer ap-
parent. Ultimately, they show how rule-based categorization
involves cognitive costs that depend on rule complexity. At
their core, rules function as if-then conditions: if a precon-
dition is satisfied then a corresponding action follows. This
structure underlies processes such as learning to categorize
(Maddox, Ashby, Ing, & Pickering, 2004; Maddox, Ashby,
& Bohil, 2003), implementing intentions (Oettingen & Goll-
witzer, 2010; Gollwitzer & Brandstitter, 1997) and is cen-
tral to cognitive architectures like ACT-R (Anderson, 2007),
among others. Studying how rules are acquired, updated and
modified is essential for understanding how individuals adapt
to changing environments.

However, rule change is not always a simple rule update.
Sometimes information and knowledge is simply removed or
made conditional depending on the context. These operations
can be recognized as forgetting operations, where individuals
adapt their knowledge by removing, modifying or replacing
learned information. Forgetting, as a phenomenon of every-
day life, involves cognitive flexibility in dynamic environ-
ments. Various forgetting operations explain how informa-
tion is selectively discarded or restructured. These processes
have been formalized by Beierle, Kern-Isberner, Sauerwald,
Bock, and Ragni (2019) as a structured classification of dif-
ferent types of forgetting in common-sense belief manage-
ment. The framework has been primarily explored from a
logical perspective, an empirical investigation of the cogni-
tive costs associated with these forgetting operations remains
an open question.

Towards empirically testing formal frameworks of rule
change, we present a new experimental paradigm - the Count-
ing Game, that allows us to test rule changes in an abstract
environment. Given 16 shapes in different colors, individuals
are tasked with finding out which color has the most elements
as quickly as possible. Throughout the game, they are pre-
sented with different rules that change the counting system,
such as “Blue stars count twice.”. The paradigm allows for
easy manipulation of the rule-based counting system. For ex-
ample, an intentional removal of a specific rule can be simply
expressed by “Blue stars count as one again.”. By analyzing
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Figure 1: A representation of the Counting Game showing
a trial whose winner is yellow. A rule “Red triangles count
twice” changes the winner to red.

the individuals’ correctness and response times, we get in-
sight into the cognitive demands and costs of such operators.
In order to isolate the effect of forgetting operations, we must
first examine the complexity of the experimental tasks them-
selves. With that, we can establish what factors need to be ac-
counted for and omitted in future investigations of the forget-
ting operations. In this article, we analyze the paradigm from
two perspectives. First, we look into content-level features,
examining the effect of color distributions in the tasks and the
effect of different rule types. On the other hand, we investi-
gate process-level features, focusing on the effect of rule in-
teractions, the proximity between rules and the scope of rules.
With this we capture various aspects of task complexity. Ul-
timately, our goal is to understand better the cognitive mech-
anisms underlying rule changes and task complexity within
this paradigm. Therefore, we construct predictive models
incorporating perceptual and rule-based features, evaluating
how trial complexity, rule operations and structural factors
contribute to performance. We interpret accuracy as an indi-
cator of correct rule application and response time (RT) as a
representation of cognitive load and retrieval difficulty. Dif-
ferences in these measures reflect either increased cognitive
load or interference. We compare different feature combina-
tions and identify the key predictors of accuracy and RTs. We
aim to answer the following research questions:

[RQ1] Is the counting paradigm suitable for investigating
complexity differences between operations?

[RQ2] What factors contribute to the cognitive complexity
of rule changes in our counting paradigm?

Method

The goal of this study was to investigate the effect of altering
a set rule system on participants’ performance measured by
their accuracy and response times. In order to achieve that,
we developed an abstract experimental paradigm based on
shapes and colors, called the Counting Game. The game con-
sists of trials - grids of 16 objects that vary in their shape (cir-
cle, triangle, cross, star) and color (red, yellow, blue, gray),
and its winner, i.e. the color that has the largest number of
objects (Fig. 1). The winner can be red, yellow or blue, while
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gray elements are used as optional filler objects. At most half
of the total number of elements can be of the same color, to
prevent a single color from dominating the trial.

Participants are presented with multiple trials whose win-
ners they need to determine as fast as possible. There is a
scoring system that awards them points for fast and accu-
rate answers. Each correct answer brings them 10 points
and they can get 1 additional point per second left on a timer
that counts down from 20s. Incorrect answers do not award
points, regardless of the response time.

Rules

The baseline when starting the game is that each object, re-
gardless of color and shape, counts as one. We introduce two
types of rules that change how certain objects are counted:

1. Count-twice rules state that an object of a certain color and
shape will count twice from now on - e.g., “Blue triangles
count twice.”

2. Count-as rules state that an object of a certain color and
shape will now count as if it was a different color - e.g. “Yel-
low stars count as red.”

For all rules there are certain trials that are critical - a suc-
cessful rule application changes their winner. E.g., apply-
ing the rule “Red triangles count twice” to the trial in Fig. 1
changes the winner from yellow to red Using these rules we
implement the following four intentional forgetting operators
(see Beierle et al., 2019) with the aim to alter the individuals’
set of rules. Table 1 shows example contents for the below
explained rule implementations.

Contraction describes the intentional removal of a specific
rule from a rule set, resulting in a state where the contracted
rule is no longer accepted. We implement this using one
count-twice rule that is explicitly withdrawn later.

Revision involves updating a rule set with new information
that should be prioritized over existing rules, which may in-
volve implicitly forgetting conflicting rules. We implement
this with two count-as rules, where the affected objects are
the same, but the new target color is different, implicitly forc-
ing the individual to forget the first rule.

Conditionalization restricts rules by omitting ones that do
not satisfy a given precondition. We implement this using
specific count-as rules where the initial color is gray (optional
elements), introducing the precondition that if there are gray
shapes, they will count as another color.

Fading out is a gradual forgetting process where informa-
tion becomes increasingly difficult to retrieve over manipula-
tions. We implement this using one count-twice rule followed
by other filler rules that make it more difficult to retrieve the
first rule. This aligns with the concept of retroactive interfer-
ence, as new rules make previous ones vulnerable to decay
(Ricker, Nieuwenstein, Bayliss, & Barrouillet, 2018; Dames
& Oberauer, 2022).

In the study, a Phase refers to a distinct stage within a
round where a specific rule configuration is active. Each
round starts with Phase 0 and progresses through multiple



Table 1: Example contents for the two rounds of each forgetting operator and the manipulations introduced in the second rounds
that aim to increase the complexity. Filler rules are typed out in ifalics and are included to increase the complexity or to “fill”
the rounds that need less than 4 rules to implement a forgetting operator.

Notation: FO - Forgetting Operators; Contr. - Contraction; Rev. - Revision; Cond. - Conditionalization; Fade - Fading Out.

FO Round 1 Round 2 Manipulation
Blue stars count twice. Blue stars count twice. Multiple rules active simultane-
Contr Blue stars count as one again. Yellow circles count twice. ously & contraction of a previous
" Yellow circles count twice. Blue stars count as one again. rule that is not the last one pre-
Yellow circles count as one again.  Yellow circles count as one again.  gented.
Blue circles count as yellow. Blue circles count as yellow.
Rev Blue circles count as red. Blue stars count as yellow. Additional filler rule between the
' Blue circles count as blue again. ~ Blue circles count as red. original rule and its revision.
Yellow crosses count twice. Yellow crosses count twice.
Gray shapes count as red. Gray triangles count as red. .
Y Shap . Y £ . Contrast between rules applied to
Blue stars count twice. Blue stars count twice.
Cond. . . all shapes of a color (general) and
Blue stars count as one again. Blue stars count as one again. fic sh
Yellow triangles count twice. Yellow triangles count twice. Spectiic shapes.
Red triangles count twice. Red triangles count twice.
Fade Blue crosses count twice. Blue crosses count twice. Effect of count-twice vs. count-

Yellow stars count twice.
Blue crosses count as one again.

Blue stars count as yellow.
Blue crosses count as one again

as filler rules on fading out.

phases, with a new phase beginning whenever a rule is intro-
duced, updated or removed. So, Phase I starts after the first
rule is applied, Phase 2 after the second, and so on. During
each phase, the participants are presented with the same trials
in a randomized order. This structure allows for us to exam-
ine how participants adapt to increasing rule complexity and
how prior rules influence the application of new ones.

Complexity

In order to analyze the cognitive complexity, we will analyze
the participants’ answer accuracy and response times, based
on hypothesized influencing features.

Content-level Features The content-level features describe
the nature of individual trials and rules. We characterize the
color distribution of the trials in terms of how dominant the
winner is, how closely contested the trial is and how evenly
the colors are distributed. These aspects capture the per-
ceptual complexity of the trials, determining how much vi-
sual comparison is needed to identify the correct response
when using fast-and-frugal strategies to estimate the win-
ner. On the other hand, we differentiate between rules that
require individuals to perform numerical/quantitative adjust-
ments (count-twice) and rules that require categorical reason-
ing and thinking (count-as).

Hypothesis (Perceptual Complexity): Trials with clearly
dominant winners should be accurate and fast, as they require
minimal comparison. If the winner is only slightly ahead of
another color, the difficulty increases, requiring a closer eval-
uation. The most difficult trials should be those where the
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competing colors are similarly distributed, as they do not pro-
vide an obvious visual advantage.

Hypothesis (Operational Complexity): Count-as rules
are more difficult than count-twice rules as they alter the
“identity” of certain shapes, forcing participants to override
and mentally reassign objects according to the given rule,
while the latter only change the “weight” of the shapes when
they are encountered within the game.

Process-level Features We implement and investigate
process-level features in our paradigm through certain ma-
nipulations: interaction complexity - the effect of simultane-
ous rule applications on task difficulty; temporal complexity
- the influence of temporal proximity between a rule and its
contraction/revision; and scope complexity - the difficulty of
applying rules with specific vs. general scopes. Examples of
these manipulations are shown in Table 1.

Hypothesis (Interaction Complexity): In the case of two
rules, the application of the one rule should be more difficult
when another one is simultaneously applicable, as managing
overlapping rules should increase the cognitive load.

Hypothesis (Temporal Complexity): The contraction or re-
vision of a rule should be more difficult when there are ad-
ditional rules between them and the rule they aim to change,
as a greater temporal and structural separation would make it
harder to retrieve relevant information.

Hypothesis (Scope Complexity): Applying rules to specific
shapes of a certain color should be more difficult than to all
shapes of the color in general, as general rules require less
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Figure 2: Average accuracy and response time for each for-
getting operation and round.

information to be remembered and verified.

Procedure

The four forgetting operators translate into four participant
groups, each being presented with two rounds, whose pre-
sentation order is randomized. This structure enables a con-
trolled comparison of manipulations, and lays the basis for
future work exploring individual differences in rule adapta-
tion. In order to ensure that no unwanted effects or bias are
introduced, each participant gets assigned their colors and
shapes randomly. That means that a rule “color| shape;
count twice” might be about red stars for one person and blue
circles for another. The structure of the rounds and relevant
rules is preserved otherwise. The position of specific objects
in a trial is also randomized each time it is presented. Partic-
ipants responded by clicking on one of three buttons colored
with the target colors (red, yellow, blue) using their mouse.

We obtained data from 98 participants (age 18-74, 51% fe-
male) recruited on Prolific'. The experiment was performed
online as a web-experiment. As compensation, the partici-
pants received 4.5 GBP after completing the experiment. All
participants were native English speakers.

After giving consent, participants were introduced to the
possible shapes and colors and their goal to find the winner
among the red, yellow and blue elements. They were then
introduced to the scoring system, explaining that they aim to
get as many points as possible by providing correct answers
fast. Afterwards, they had a practice round with a few tasks
and rules, in order to get accustomed to the game. Once fin-
ished, they started with the study. In between the two rounds
they were presented with their score and challenged to beat it
in the second round. In the following analysis, we focus on
RT and accuracy as indicators of cognitive processes. A more
targeted analysis of score-based strategies will be explored in
future work. The data, analysis and modeling scripts devel-
oped for this article are available on GitHub?.

Uhttps://www.prolific.com
Zhttps://github.com/saratdr/CogSci2025-CountingGame
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Analysis

We identified 3 participants with average accuracy scores di-
verging by more than 2 standard deviations away from the
mean as outliers and excluded them from the following anal-
ysis. The final number of participants is 95. The overall accu-
racy across all participants and conditions was 78.91% (me-
dian: 100.00%, SD = 40.79%). The mean accuracy of trials
critical for at least one rule was 68.12%, in contrast to 90.15%
for non-critical trials. The median response time across all
trials was 2.91s. Critical trials had a negligible increase in
median response time (2.35s) compared to non-critical trials
(2.30s). Figure 2 displays the average accuracy and response
time for each forgetting type and round. Note that these re-
sults capture not only the relevant operators but also any filler
rules that might be present. In the case of contraction and
revision, the accuracy drops in the second rounds, while the
RT is increased. Fading out shows a slightly better accuracy
in round 2 with a similar RT and conditionalization shows
similar results for both rounds.

Trial Color Distribution Features

To describe the trial structures, we consider three features
that quantify the color distribution. Winner dominance
(WinDom) is the ratio between the winner and all elements,
indicating if a winner is clearly dominant with a higher
value. Lead is the difference between the winner and the
second-place color, a smaller value indicating “tight” compe-
tition. Imbalance (Imbal) quantifies how evenly distributed
the three eligible colors are by considering the difference be-
tween the highest and lowest counts with a lower value sug-
gesting a more balanced trial. When describing a trial, these
features interact with each other, e.g., a trial with a dominant
winner can have one dominant color, or also be in close com-
petition with the second-place color.

We examined the relationship between perceptual trial fea-
tures and task performance using point-biserial correlations
for accuracy and Spearman rank correlations for RT. This
analysis was conducted only on trials where no rules were
active, ensuring that the observed effects reflect purely per-
ceptual complexity rather than rule-based transformations.
Holm-Bonferroni corrections were applied to account for
multiple comparisons, all reported p-values are corrected.
The results are presented in Table 2. To analyze the effect of
clearly dominant winners with no close competition, we con-
sider the product between WinDom and Lead in the follow-
ing. It is positively correlated with accuracy and negatively
with RT, suggesting that participants responded quickly and
accurately in trials with a clear dominant winner. Lead is pos-
itively correlated with accuracy but negatively with RT, which
tells us that participants responded faster and more accurately
for trials that had a bigger difference between the winner and
second-place color. Finally, Imbal has negative correlations
with both accuracy and RT, indicating that participants an-
swered slower and with higher accuracy when trials had more
balanced color distributions. Our hypothesis regarding Win-



Table 2: Correlation values between the three trial distribu-
tion features Winner Dominance (WinDom), Lead and Im-
balance (Imbal), and the accuracy (point-biserial) and RT
(Spearman) of participant answers. Significant (corrected) p-
values are marked in bold.

Feature Accuracy p RT p
WinDom x Lead 0.11 <.001 -0.12 <.001
Lead 0.14 <.001 -0.09 <.001
Imbal —0.11 <.001 -0.14 <.001

Dom and Lead is confirmed, however Imbal reveals that while
similarly distributed colors were more difficult and time con-
suming, that time was spent assessing the winner correctly.

Rule Operations

We investigate how count-twice and count-as rules affect task
difficulty. These rules introduce different cognitive demands
— count-twice requires a quantitative adjustment and count-
as a categorical remapping — so, we expect their impact on
accuracy and RT to be different. Since we are interested in the
immediate impact of rule application, we restrict our analysis
to Phase 1, where rules are first introduced. We conducted lo-
gistic regression analyses on the accuracy and Mann-Whitney
U tests for RT, with Holm-Bonferroni applied to account for
multiple comparisons. We found that, in critical trials, count-
twice rules lead to significantly lower accuracy than count-
as (B = —0.367,p = .005), suggesting that count-twice is
more difficult. We also examined whether rule application
specifically affects critical trials. We confirmed that non-
critical trials were significantly easier than critical trials for
both count-twice (p = 1.323,p < .001) and count-as rules
(B=1.622,p < .001). In terms of RT, we found that applying
count-twice took significantly longer (U = 142895.00,p <
.001), suggesting higher cognitive load. The comparisons of
RTs between critical and non-critical trials within each rule
type revealed no significance (p = .078 for both), suggesting
that RT differences are primarily driven by rule type rather
than trial criticality. Contrary to our initial hypothesis, count-
twice rules caused greater cognitive load, as reflected in both
accuracy and RT. This suggests quantitative adjustments may
be more demanding than overriding categorical mappings.

Rule Interaction

Here, we focus on the two contraction rounds, specifically on
Rule 2 (e.g., “Yellow circles count twice” in Table 1). In the
first round, Rule 2 is first active in Phase 3 by itself and in the
second round it is already active in Phase 2 with Rule 1 also
present. By examining the performance in these cases, we as-
sess the interaction complexity — how cognitive load changes
when multiple rules are applicable sequentially vs. simulta-
neously. We analyze three types of trials: R2-Crit - critical
only for Rule 2, R1R2-Crit - critical for both rules and non-
critical trials, as a baseline. We conducted logistic regres-
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sion analyses on the accuracy and Mann-Whitney U tests on
RTs, both corrected with Holm-Bonferroni. The results show
a significant drop in accuracy in Round 2 for R2-Crit (f =
—3.482,p < .001), RIR2-Crit (B = —1.735,p < .001) and
non-critical trials ( = —1.150,p < .001). The RT analysis
showed a marginally significant difference between rounds
for R2-Crit and R1R2-Crit trials (p = .056 for both). How-
ever, the RTs for non-critical trials was significantly longer in
the second round (p = .003). These results confirm our hy-
pothesis that applying a rule simultaneously with another one
is more difficult, as reflected through the accuracy, while the
RT analysis suggests that though that task is more difficult,
there is no difference in the cognitive effort. Moreover, we
find out that even non-critical trials are affected, suggesting
an increased cognitive load effect in general.

Rule Interaction and Operations Additionally, we in-
vestigate the difference between rule types (count-twice vs.
count-as) in the case when other rules are simultaneously ac-
tive, specifically Rule 3 in Phase 3 of the Fading Out rounds.
Even in these circumstances, we confirm the previously found
results that count-as rules are easier to apply than count-
twice rules (B = 0.597, p = .042), however, this time with no
significant difference in RTs (p = .387).

Temporal Effects

In this section we report how temporal separation between
a rule and its revision affects task difficulty. We focus on
revision Round 1 with an immediate revision (Phase 2) and
Round 2 with a delayed revision and a filler rule in between
(Phase 3). The relevant trials are R1R2-Cerit, critical for both
the original rule and its revision. A logistic regression anal-
ysis revealed a significant decrease in accuracy in Round 2
(B = —0.865,p = .018) and a Mann-Whitney U test showed
that RT's are significantly longer in Round 2 (p < .001). This
confirms our hypothesis that a longer delay including filler
rules leads to more difficulty with revising previous informa-
tion, as they may disrupt memory retrieval.

Scope of Rules

We test whether applying rules to specific subsets (e.g., “Gray
stars count as red”) is more difficult than applying them to
a broader category (e.g., “Gray shapes count as red”). We
focus on conditionalization Round 1 with a general rule and
Round 2 with a specific one, both active in their respective
Phase 1. A logistic regression model on trials critical for the
relevant rules shows that accuracy is significantly lower for
specific rules than for general ones (f = —0.987, p = .008),
confirming our hypothesis. A Mann-Whitney U test on RTs
showed that there were no significant differences (p = .740).

Modeling

In this section, we construct predictive models to determine
which features best explain task complexity across the whole
dataset. By analyzing a range of content-level and process-
level features we aim to identify the key predictors of accu-



racy and response time. We include seven features, as de-
scribed and analyzed above. The three trial color distribu-
tion features (WinDom - winnner dominance, Lead, and Im-
bal - imbalance), RuleType - count-twice vs. count-as vs.
None, CurrActive - number of currently applicable rules,
RuleProximity - if current rule is a contraction/revision, the
distance to the relevant rule, Scope - specific or general rule.
Each of these features captures different aspects of complex-
ity, from purely perceptual influences to cognitive demands
imposed by rule application.

We evaluated all possible combinations of the seven fea-
tures. This resulted in a total of 127 tested models for each
accuracy (linear classification) and RTs (linear regression)3.
We determined the best models using the lowest Akaike In-
formation Criterion (AIC; Akaike, 1974) and Bayesian Infor-
mation Criterion (BIC; Schwarz, 1978) values. These two
metrics provide us with a threshold after which the addition
of parameters does not lead to a significant performance im-
provement, yet increases the tendency to overfit.

For accuracy, the best-performing model, as determined by
the lowest AIC (-36167.33) and BIC (-36135.07) achieved
an accuracy of 78.5%. For RTs, on the other hand, the
best-performing model with lowest AIC (30763.10) and BIC
(30803.43) achieved a mean absolute error of MAE = 1.32(s).
The coefficients associated with the relevant features for both
models are displayed in Table 3. Both, accuracy and RT,
measures are affected by Lead, Imbal and RuleType. Lead
likely encourages more careful processing, improving accu-
racy and reducing RT. Balanced color distributions make it
harder and slower to determine the winner. WinDom only af-
fects RT, with dominating colors leading to faster responses.
RuleProximity also only affects RT, with greater distances be-
tween related rules leading to longer RTs. CurrActive, on the
other hand, is only relevant for accuracy - a larger number of
simultaneously active rules decreases the accuracy.

Discussion

We introduced the Counting Game paradigm developed as an
abstract environment for testing forgetting operators. In this
article, we focused on investigating the factors contributing to
the complexity of rule changes in the paradigm, specifically
how content-level and process-level features influence accu-
racy and response time (RT) during rule-based counting tasks.
We tested five hypotheses, each targeting a specific aspect of
task complexity in order to answer our research questions.
Our first research question, RQ1, addresses the suitabil-
ity of our presented paradigm for investigating complexity
differences in rule changing scenarios, specifically forgetting
operations. The study we conducted implemented four for-
getting operators and included different manipulations. With

3We use scikit-learn’s LinearDiscriminantAnalysis and
LinearRegression for which we converted the categorical vari-
ables (RuleType and Scope) using panda’s get_dummies to one
less O/1-variables than the total amount of different feature values.
E.g., the RuleType feature is divided in RuleType-CountTwice and
RuleType-CountAs which account for no rules as well.
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Table 3: Feature coefficients for the selected models predict-
ing accuracy (LDA) and response time (Linear Regression).

Feature Acc. Model (B) RT Model (B)
WinDom X —1.19
Lead 0.41 —0.10
Imbal —0.24 —0.06
RType-CountTwice 0.11 0.33
RType-CountAs 0.34 0.01
CurrActive —0.66 X
RuleProximity X 0.15
Scope X X

our analysis we showed that the difference in performance is
meaningful and that the paradigm provides a suitable “play-
ground”, adequately sensitive to manipulations. In RQ2 we
address which factors contribute to the complexity of rule
changes in our paradigm. We found that perceptual com-
plexity influences task performance with strongly dominant
winners making responses faster but slightly less accurate,
while balanced distributions increase both RT and error rates.
Operational complexity (rule type) also plays a major role,
as count-twice rules were more difficult than count-as rules,
suggesting that numerical transformations cause greater cog-
nitive load than categorical remapping. Interaction complex-
ity shows that when multiple rules are simultaneously active,
accuracy drops significantly, indicating increased cognitive
burden. Temporal complexity describes how the longer a re-
vision or contraction is separated from the relevant rule, the
more difficult it becomes to apply it, emphasizing the role of
memory demands. Scope complexity confirms that rules ap-
plied to a subset of a category are harder to apply than rules
applied to the whole category. In summary, these results con-
firm that rule change difficulty is not uniform — it depends on
how the new information is structured perceptually, how it in-
teracts with previous knowledge, and how memory demands
and the ability to adapt, inhibit and apply rules influence per-
formance. We identified the smallest feature subsets that in-
fluence rule change complexity, using LDA as classification
models for accuracy and linear regression models for RTs.

In this article we identified how trial features and rule ap-
plications in the counting game paradigm contribute to task
difficulty. This work lays the foundation for future studies
within the paradigm that will explicitly investigate the cogni-
tive costs of concept changes, including forgetting operations.
These findings help estimate the impact on tasks that should
be omitted and accounted for in effects and trend analyses,
but also aid the task design for various other future investiga-
tions. This is preliminary work that enables not only further
empirical investigation on the logical framework of forget-
ting operations, as presented by Beierle et al. (2019), but also
cognitive costs of mental operations, like rule updating, as
the current dataset contains instances of adding, modifying
and deletion of information.
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