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Response times are affected
by mispredictions in a stochastic
game

Paulo Roberto Cabral-Passos?, Antonio Galves?, Jesus Enrique Garcia® & Claudia D. Vargas***

Acting as a goalkeeper in a video-game, a participant is asked to predict the successive choices of
the penalty taker. The sequence of choices of the penalty taker is generated by a stochastic chain
with memory of variable length. It has been conjectured that the probability distribution of the
response times is a function of the specific sequence of past choices governing the algorithm used
by the penalty taker to make his choice at each step. We found empirical evidence that besides
this dependence, the distribution of the response times depends also on the success or failure of
the previous prediction made by the participant. Moreover, we found statistical evidence that this
dependence propagates up to two steps forward after the prediction failure.

More than a century ago, Helmholtz! conjectured that the human brain is able to detect statistical regulari-
ties in a sequence of events. Since then, psychophysiological measurements have been employed to study this
conjecture* !!. Recently, the classical conjecture proposed by Helmholtz was revisited using a new probabilistic
framework'>!*. In Duarte et al.'?, the relationship between a sequence of auditory stimuli and the sequence of
EEG segments recorded during the exposure to these stimuli was modelled using sequences of random objects
driven by a stochastic chain with memory of variable length.

Using the framework introduced by Duarte et al.'?, Herndndez et al."” provided statistical evidence that the
probability distribution of the EEG segments depended on the smallest sequence of past auditory stimuli gov-
erning the choice of the next auditory stimulus. Following Rissanen’s' proposal, the smallest sequence of past
stimuli governing the probabilistic choice of the next stimulus is called a context. Rissanen also observed that
the set of all contexts describing a stochastic chain can be described as the set of leaves of a rooted and labeled
tree. For this reason, from now on we will refer to the set of contexts as a context tree.

It is natural to conjecture that this dependence on the context tree proposed in Duarte et al'* and employed
in Hernéndez et al."* would also occur at a behavioral level. This is the starting point of the present work. Among
currently employed behavioral measures, response times have been used to investigate covert processes such
as learning of patterns and decision making***'>*. Modulation of response time has been correlated with the
ability to predict a subsequent stimulus®?. Statistical measures extracted from response times™* suggest that
response times emulate the sequence to which they are conditioned to. Besides, errors have been proven to play
a role in modulating response times within sequences of events'>~'”**. In this work we sought to verify the influ-
ence of errors on response times in a prediction task in which the sequence of stochastic events is governed by a
context tree model. We conjectured that the distribution of response times in a given context would be affected
by errors in previous predictions.

To address these issues, we developed a video-game called the Goalkeeper Game*'~?*. In the Goalkeeper
game, the penalty taker has three available action choices: kick to the left, to the center, or to the right side of
the goal. The sequence of choices of the penalty taker is generated by a stochastic chain with memory of variable
length whose dependence on the past is described by a context tree. Acting as a goalkeeper, the participant must
predict at each step which will be the next choice of the penalty taker. The participant is instructed to save the
maximum number of balls. Response times of the participant are recorded at each trial. After the trial, a feedback
video indicates the goalkeeper’s success or failure. The Goalkeeper game offers an opportunity to simulate an
environment in which prediction of an upcoming sensorimotor event is necessary and its product is expressed
as a prediction success or failure.
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In the present framework, we look at the relationship between the probability distribution of response times
and the sequence of contexts displayed by the successive choices of the penalty taker. We provide statistical evi-
dence that, besides the dependence on the contexts, the probability distribution of the response times depends
also on the success or failure of the previous predictions made by the goalkeeper.

Methods

Experimental protocol

The following experiment was performed in accordance with the relevant guidelines and regulations protocol
and approved by the Ethics Committee of the Institute of Neurology Deolindo Couto at the Federal University
of Rio de Janeiro (CAEE: 58047016.6.1001.5261). All participants had electronically signed their informed con-
sent to participate in the experiment. Twenty-two right-handed participants (14 females) were invited to play
remotely the online version of the Goalkeeper Game?*'. In this game version, the participant assumes the role
of a goalkeeper in a sequence of 1000 penalty trials. The directions of choice are towards left, center and right.
For simplicity, we indicate these directions by the numerical symbols 0, 1 and 2, respectively (Fig. 1A). At each
trial, acting as a goalkeeper, the participant chooses where to jump to save the kick by pressing the left arrow
key with the right index finger (0), the down arrow key with the right middle finger (1), or the right arrow key
with the right ring finger (2). Two rest intervals were placed along the 1000 trials, the first after the trial 334
and the second after the trial 668. The mean and standard deviation of the first and second rest intervals were
54 4+ 55 s and 50 £ 40 s, respectively. The penalty taker choices were not influenced by the previous choices of
the goalkeeper. Besides, the goalkeeper was told to take his/her time to make his/her decision and to resume
the game after rest intervals. In each trial, the penalty kick took place only after the participant has conveyed his
decision by pressing a button.

The sequence of kicks was generated by a stochastic chain with memory of variable length whose dependence
on the past is described by a context tree 7. Let p be the family of transition probabilities indexed by the contexts
in 7, governing the successive choices made by the penalty taker given the corresponding context. The pair (7, p)
will be called a probabilistic context tree**.

The probabilistic context tree (7, p) used in our experimental protocol is described in Fig. 1B, which also shows
an example of a sequence generated by (z, p). This stochastic sequence can also be described as a concatenation
of successive choices of the sequence 0 * 1, where at each repetition the symbol * is replaced either by 2, with
probability p = 0.7, or by 1 with probability 1 —p, independently of the previous choices.

Analysis

In the following sections, the standard probability theory notation is adopted. In other words, uppercase letters
such as X, Y and T are used to indicate random variables and lowercase letters, such as x, y and ¢ indicate the
realization of the corresponding random variables.

Estimating a context tree from the sequence of response times
Let(X,:n=1,...,1000)and (Y, : n = 1,...,1000) be, respectively, the sequences of directions chosen by the
penalty taker and by the goalkeeper during the game. Both X, and Y}, belong to the set of possible directions
A = {0, 1,2}. We say that the n-th prediction is correct when X,, = Y, Letalso (T, : n = 1,. .., 1000) be the cor-
responding sequence of response times of the goalkeeper, see Fig. 1. Given a sequence w, [(w) is the length of w.
The following algorithm extends Rissanen’s Context algorithm to sequences of real numbers driven by a
probabilistic context tree. In the presentation of the algorithm, the word list is used in the sense it has in the
Python language.
The algorithm uses the reverse lexicographical order to arrange the sequences.

Definition 1 The reverse lexicographical order between sequences of length K is defined as fol-

lows: (u—g,...,u—1) < (v—g,...,v—1) if either u_; <v_j, or there exists 2 <j <K such that
(U—jt1s. .5 tU—1) =V_ji1s...,v_1andu_j < v_j
Algorithm steps

Initialization: The algorithm begins by initializing an empty context tree  and a list C, containing all the
sequences of length K appearing in the sample.

Iterative Process: The algorithm proceeds in an iterative manner until the set C is empty. Within each itera-
tion:

(a) The first sequence w in the list C is selected.
(b) A new list F(w) is formed. This list contains all the sequences appearing in the sample, that can be obtained
by appending, as first element, a symbol from the alphabet A to the sequence (W_j()41,- - - > W—1).
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Figure 1. The Goalkeeper Game experiment. (A) At each trial, acting as a goalkeeper the participant chooses where to jump to save
the kick by pressing the left arrow key with the right index finger (0), the down arrow key with the right middle finger (1) or the right
arrow key with the right ring finger (2). The top right picture shows the decision moment of the goalkeeper. The bottom diagram
shows the trial’s timeline with the segments duration. Each trial starts with a readiness period. Then, arrows appear at the screen’s
bottom, indicating that the participant is allowed to inform his decision by pressing one of the buttons as indicated in the ballons.

The time from the appearance of the arrows until the button press is defined as the response time (rt). Immediately after the button
press, the feedback is presented as an animation depicting the kicker’s choice. (B) Top left, the context tree probability table used for
generating the penalty taker’s sequence of kicks. On the top right, the set of contexts T is represented as a labeled and rooted tree. A
different color is attributed to each context. Dashed-line rectangles surround each context in the penalty taker sequence. An example
of a penalty taker’s sequence of choices and the corresponding goalkeeper’s sequence of predictions is shown at the bottom. The green
check mark indicates a successful prediction, while the red cross (X) indicates a prediction failure. On the bottom, successive rts (t) are
shown as horizontal bars in which the width represents the rt duration in seconds from a real participant. Here, m corresponds to a
positive integer used to illustrate the shift to trials far from those before the three dots. Rts in the context 2, tV=2) are highlighted in
red after an incorrect prediction, t'" =), and in green after a correct prediction, t w=25) (C) An example of the pruning procedure
used to estimate context trees from rts of a given participant. If the law of rts of at least two leaves of a branch is statistically different,
that branch is presented in the estimated tree. The picture illustrates this procedure for the pair of leaves 110 and 210.
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() IfF(w) C C, the Kolmogorov-Smirnov test is used to decide if the distribution of the response times cor-
responding to the members of the list F(w) are the same.

i. If the Kolmogorov-Smirnov test rejects the equality of distributions, then the sequences in F(w)
are added to 7 and deleted from the List C.
ii. Otherwise, the sequences in F(w) are deleted from the list C and the sequence (W_jqy)41,- - - > W—1)
is added to the end of C.
iii. Inthe case of F(w)={w}, wis deleted from Cand (w_juy)+1,- - -, w—1)is added to the end of C.

(d) IfF(w) € C,the sequencesin F(w) N C are deleted from the list C and added to T ..

1. Output: Once all iterations are complete and the list C is empty, the algorithm outputs the constructed
context tree 7.

Epochs and mode context tree

To access the evolution of the context trees across time, the sequence of response times per participant was
divided into three epochs, separated in accordance with the position of rest intervals in the sequence of trials.
The first epoch goes from 1 to 334; the second epoch goes from 335 to 668, and the third epoch goes from 669
to 1000. Context trees by epoch and participant were estimated using the algorithm described above. For each
epoch, the set of context trees retrieved from the data collected for all the participants was then summarized
through a mode context tree. The mode context tree contains only the contexts which appear more frequently
across participants, see Figure 3 in Herndndez et al."* .

Response time and accuracy analysis
Given the sequence w = (W_g, ..., W_k), let 5(1,w)> - . .» (2,w)> B3,w)s - - - D the successive steps ending in the
occurrence of w. Namely,

Ay =min{n > k: Xy gy = w_p, -, Xy = w_1},
andforj > 1

nwy = min{n > nG-1w) : Xp—kt1 =Wk, -+, Xy = w_1}.

Index of correctly predicted transitions
Let n(1,w—a)» - - - » M2,w—sa)> H(3,w—a)> - - - » De the successive steps ending in a occurrence of w with correctly
predicted transitions from w to a. That is,

Njw—sa) = min{n > naw) : Xp—gp1 =W_p,.... Xy =w_1 and Xy = Yyq1 = a}

Also, let N(,y—4) be the total number of correctly predicted transitions from w to a.
Similarly, n(1,w—g)» - - - » B2w—¢)> B3,w—¢)> - - - D the successive steps ending in a occurrence of w with incor-
rectly predicted transitions from w to a. That is,

NGw—sg) = min{n > 1wy @ Xp—g41 = Weko-..-Xp=w_1 and X;11 = a # Yyq1}

Also, let N, 4) be the total number of incorrectly predicted transitions from w to a.
Given the above notation, we define the index of correctly predicted transitions from w to a as:

Nw—
I(w—m): w=a

Nw—a) + Now—g)

Response time comparison according to the result of previous predictions
Let (1w ), N2wf) - - - be the total number successive steps ending in an occurrence of w after an incorrect pre-
diction following a 0 in the sequence.

Let N(w, f) be the total number of occurrences of w after an incorrect prediction following a 0 and N(w, s)
the total number of occurrences of w after a correct pErediction following a 0.

LetT!" = Tnge+1-fori=1,...,N(w,s)and T; /= Togippy+1>fori = 1,..., N(w, f) be the set of response
times after a correct and an incorrect prediction, respectively, following a 0.

Let T™) and T™/) be the sample mean response time after a correct prediction and an incorrect prediction
following a 0, respectively.

Benjamini-Hochberg procedure
To control for false discoveries, the Benjamini-Hochberg procedure was applied whenever multiple comparisons
were made?®. The procedure can be described as follows. Assume that the indexes in parenthesis indicate the
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ascending order of the corresponding values to which they are associated. Consider {H;,;}m=1,..m a set of M
tested hypothesis such that p,, = p(Hy,) are the corresponding p-values obtained in each test.
We start by ordering the p-values such that:

pPo = PG for allj > i

Then, for a given false discovery rate g, we verify for each p-value if
i
Po =4y,
Let k be the largest i for which the above condition is satisfied. Then, we reject each H;) for whichi < k.

Results

Response times were employed to estimate context trees per participant and per epoch (Fig. 2). For all epochs, the
mode context tree was the same as the context tree used by the penalty taker to generate the sequence of kicks.
Moreover, the number of participants who correctly identified contexts 0 and 2 increased from the first to the
third epoch. Curiously, the correct identification of contexts ending in 1 increased from the first to the second
epoch, but diminished from the second to the third epoch. Since the sequence of kicks consists in a repetition
of 0 1 with * taking the value of 2 with probability p = 0.7 and 1 with probability 1 — p, we reasoned that the
contexts 01, 11 and 21 might be affected by the congruence between the participants choices and those of the
penalty taker.

To evaluate the influence of past predictions over response times in a given context, response times were
divided into two sub-samples (see Fig. 1B). T;""”, T,", .. .indicate the response times in w given that the par-
tici Wpant successfully predicted the choice of the penalty taker the last time the context 0 took place. Similarly,

.77, T2 . indicate the response times in w given that the participant failed to predict the choice of the
penalty taker the last time the context 0 took place. This was done because the participant who has learned the
regularities of the sequence would only fail to predict the penalty taker’s choice in that context. The mean values
of the response times for each participant, context and sub-sample can be found in supplementary table S1.

Figure 3 shows the dlstrlbutlons of Tesponse times aftfer cort}ect and incorrect predictions at the last time
the context 0 took place, that is, les TZW’S ,...and T1 ,T, 77, ..., for one participant. To test if the mean
values T™/) were significantly different than the mean values T, the difference T/ — T0%%) was calculated
for each context and participant using the trimmed mean®. A two-tailed Wilcoxon signed-rank test showed
that these differences were significantly different from zero for the contexts 01, 2 and 21. The test indicated that
the mean response times for context w = 2 were slower after incorrect predictions compared to after correct
predictions (Z = 4.106, p = 4.1 x 107>) . This was also true for context 21, which occurs one step further in the
sequence, however, with a less pronounced effect (Z = 2.451, p = 0.014). On the other hand, for context w = 01,
after correct predictions the mean response times were slower than after incorrect predictions (Z = —0.248,
p = 0.013). For the context 11 the effect was only close to statistical significance (Z = —1.379, p = 0.16), but it
is important to highlight that 11 is the less frequent context of the sequence. Finally, the context 0 presented no
significant difference from zero (Z = 0.478,p = 0.637). Taken together, these results indicate that the distribu-
tion of response times changes as a function of the result of previous predictions.

One might conjecture that the response time modulation as a function of contexts shown in Fig. 3 would be
related to the relative frequency of correct predictions. If so, for a given context, rare correct predictions would
lead to slower response times, whereas frequent correct predictions would lead to faster response times. To evalu-
ate the influence of the proportion of correct versus the proportion of incorrect predictions upon response times,
the index of correctly predicted transitions was calculated using Eq. (1) for each context. Figure 4 (left panel)
depicts the index of correct predictions per context. It can be noted that this index is high for all the contexts,
except for context 0. For this context, the next symbol can be either 1 or 2 (Fig. 4, right panel). When the symbol
is 1, the resulting context is 01. For this context, the sample mean of the index of correctly predicted transitions is
0.22. On the other hand, for context 2 the sample mean is 0.75. Taken together, these results indicate that response
times are slower after incorrect predictions when compared to correct predictions in the case of a context with
a high rate of correct predictions, whereas response times are slower after correct predictions when compared
to incorrect predictions in the case of a context with a low rate of correct predictions.

The Kruskal-Wallis test (2 = 2.55, df = 2, p = 0.28) indicated no difference between the response times
for different fingers.

04-‘-»2

Figure 2. Mode context trees for each epoch. The numbers inside the circles indicate the number of
participants (n = 22) for which the corresponding context was present in the estimated trees of that epoch.
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Figure 3. Difference between the mean response time after an incorrect prediction following a 0 (T+)) and
the mean response time after an correct prediction following a 0 (T™) for each context. Significance levels
of the Wilcoxon signed rank test are indicated by * (p < 0.05) and s (p = 4.1 x 107°). All the p-values
were accepted after applying the Benjamini-Hochberg procedure. Each dot shows the paired difference per
participant. On top of each distribution, superimposed histograms of the response times of one participant
illustrate the differences between T™>*) in green and T in red. The sequence of contexts governing the
choices of the penalty taker is presented at the bottom.
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Figure 4. Left: Index of correctly predicted transitions per context. For the non-deterministic context 0 there
is more than one transition, as indicated in the right panel. Right: Index of correctly predicted transitions for
context 0 given the two possible transitions (1 and 2).
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Discussion

Response times associated to a stochastic sequence of events were investigated using the Goalkeeper Game. The
sequence of choices of the penalty taker was generated by a stochastic chain with memory of variable length
and can be expressed as a repetition of 0 * 1, in which the middle position * is replaced by a 2 with probability
p = 0.7 and by 1 with probability 1 — p, independently of the goalkeeper’s choices. The statistical analysis of the
data provided the following results.

First of all, we successfully retrieved the context tree used by the penalty taker from the goalkeeper’s response
time. This supports the conjecture that the probability distributions of the goalkeeper’s response times depend on
the contexts governing the choices of the penalty taker at each step. Previous studies reported that response times
are affected by the stochasticity of the sequence of stimuli**!'*!!. To the best of our knowledge, this is the first
study in which the structure of the sequence of random stimuli is retrieved from the participant’s response times.

Context tree models are mathematical constructs that can efficiently approximate any stationary stochastic
chain using a small number of parameters'*?’, which have been successfully employed to model biological and
linguistic phenomena'>*%. A distinct feature of such models is the possibility of straight estimation from a struc-
tured sequence of stochastic events. An open question within this framework is whether it is possible to retrieve
the context tree model driving the sequence of stochastic events from response times, and most importantly,
whether the distribution of response times in a given context would be affected by errors in previous predictions.
In the present study, this tool has been employed for the first time to model the unfolding of behavioral responses
as a function of sequences of stochastic events driven by context tree models.

We found that the number of participants whose response times allowed to correctly retrieve the penalty
taker tree increased from the first to the second epoch of the game. More precisely, in the second epoch, the
mode context tree deduced from the response times of a large majority of participants (15 out of 22) coincided
with the context tree used to generate the sequence of choices of the penalty taker. Surprisingly, the number of
participants whose response times allowed to correctly identify the contexts 01, 11 and 21 decreased from the
second to the third epoch (only 11 out of 22 participants). This suggested that an additional factor could be at
play. In fact, besides being governed by the context, our statistical analysis provided evidence that response times
were also affected by the result of previous predictions.

Response times for a given context depended on the result of previous predictions and this dependence propa-
gated up to two steps forward. This was shown for the contexts 2, 21 and 01, for which different mean response
times were identified according to the success or failure of the prediction made by the goalkeeper after the last
occurrence of context 0. Slower response times were found after incorrect predictions as compared to correct
predictions for the highly predictable contexts 2 and 21. On the other hand, slower response times in the less pre-
dictable context 01 were found after correct predictions as compared to incorrect predictions. Several theoretical
frameworks were proposed to explore how cognitive control processes affect behavior resulting in the modulation
of response times'>!*?%%_The cognitive control theory suggests that errors, independently of their frequency,
trigger cognitive processes to avoid subsequent errors, resulting in slower upcoming responses**-*. The orient-
ing account argues that response time is slower after infrequent events compared to frequent events'>'®*. In
this case, when errors are frequent, the response time gets slower after correct responses. On the other hand,
when errors are infrequent, response times are slower after incorrect responses. That is, the relative frequency
of the event triggers the modulation of the response time. In accordance with the orienting account rationale,
our results show slower response times occurring after correct predictions in the rarely predicted context 01 and
faster response times occurring after correct predictions in the frequently predicted context 2. In conclusion, the
modulation of response times in the goalkeeper game is not uniquely associated with making errors, but also
depends on the context’s predictability.

One might suppose that the direction of the effect seen in context 01 could be a consequence of inertia, given
that there is a repetition of the response with the middle finger (1) in the subsequent trial. On the other hand,
switching actions might require deciding between the other two alternatives available, requiring more time to
decide, as this calls for a new decision strategy. Comparing response times across fingers revealed no statistical
difference, suggesting that the current choice is not significantly affecting the response times in our paradigm.

The Mixed Strategy Nash equilibrium has been extensively employed to model the goalkeeper and kicker’s
behaviors in real soccer and other constant-sum games'®?*2, The Nash Equilibrium hypothesis states that each
player holds the correct expectation about the opponent’s behavior and acts accordingly®. In contrast to experi-
mental designs exploring the Nash Equilibrium, in the goalkeeper game the behavior of the penalty taker is
completely independent of the goalkeeper’s choice. The goalkeeper, in turn, is affected both by the kicker’s
stochastic sequence and by his/her previous choices.

Retrieving the structure of the random sequence of events allows monitoring whether the goalkeeper has
learned the law of that stochastic sequence, as indicated by the response time analysis. Furthermore, as the par-
ticipant learned the context tree model, it was also possible to identify the impact of the prediction outcomes
upon response times. This novel approach allowed us to closely inspect the sequence learning process.

In conclusion, we were able to retrieve the statistical regularities from a sequence of response times by
applying the Context Tree algorithm'**. This was done by modelling the relationship between the sequence
of response times of a given participant and the stochastic sequence of choices of a penalty taker. With this
approach, we found that response times are influenced both by contexts and by the results of previous predic-
tions. The Goalkeeper game gives the opportunity to simulate an environment in which prediction is necessary
and its product is verifiable. With this information, it is possible to understand new aspects of learning stochastic
sequences of sensorimotor events.
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Data availability

The data and the code of the algorithms used in the analysis are available at the following repository: https://
github.com/PauloCabral-hub/Publications/tree/main/Passos_etal2023. Instructions about the use of the algo-
rithms are presented in README files included in the repository.

Received: 19 September 2023; Accepted: 26 March 2024
Published online: 10 April 2024

References
1. Helmholtz, H. V. Handbuch der Physiologischen Optik (Springer, 1867).
2. Nissen, M. J. & Bullemer, P. Attentional requirements of learning: Evidence from performance measures. Cogn. Psychol. 19, 1-32.
https://doi.org/10.1016/0010-0285(87)90002-8 (1987).
3. Hunt, R. H. & Aslin, R. N. Statistical learning in a serial reaction time task: Access to separable statistical cues by individual learn-
ers. J. Exp. Psychol. Gen. 130, 658-680. https://doi.org/10.1037//0096-3445.130.4.658 (2001).
4. Visser, I, Raijmakers, M. E. ]. & Molenaar, P. C. M. Characterizing sequence knowledge using online measures and hidden markov
models. Mem. Cognit. 35, 1502-1517. https://doi.org/10.3758/BF03193619 (2007).
5. Baldwin, D., Andersson, A., Saffran, J. & Meyer, M. Segmenting dynamic human action via statistical structure. Cognition 106,
1382-1407. https://doi.org/10.1016/j.cognition.2007.07.005 (2008).
6. Dehaene, S., Meyniel, F, Wacongne, C., Wang, L. & Pallier, C. The neural representation of sequences: From transition probabilities
to algebraic patterns and linguistic trees. Neuron 88, 2-19. https://doi.org/10.1016/j.neuron.2015.09.019 (2015).
7. Frost, R., Armstrong, B. C., Siegelman, N. & Christiansen, M. H. Domain generality versus modality specificity: The paradox of
statistical learning. Trends Cogn. Sci. 19, 117-125. https://doi.org/10.1016/j.tics.2014.12.010 (2015).
8. Kahn, A. E., Karuza, E. A,, Vettel, ]. M. & Bassett, D. S. Network constraints on learnability of probabilistic motor sequences. Nat.
Hum. Behav. 2, 936-947. https://doi.org/10.1038/s41562-018-0463-8 (2018).
9. Lange, E. P. D, Heilbron, M. & Kok, P. How do expectations shape perception?. Trends Cogn. Sci. 22, 764-779. https://doi.org/10.
1016/j.tics.2018.06.002 (2018).
10. Wang, R., Shen, Y., Tino, P, Welchman, A. E. & Kourtzi, Z. Learning predictive statistics: Strategies and brain mechanisms. J.
Neurosci. 37, 8412-8427. https://doi.org/10.1523/]NEUROSCI.0144-17.2017 (2017).
11. Wang, R,, Shen, Y, Tino, P., Welchman, A. E. & Kourtzi, Z. Learning predictive statistics from temporal sequences: Dynamics and
strategies. J. Vis. 17, 1. https://doi.org/10.1167/17.12.1 (2017).
12. Duarte, A., Fraiman, R., Galves, A., Ost, G. & Vargas, C. D. Retrieving a context tree from eeg data. Mathematics 7, 427. https://
doi.org/10.3390/math7050427 (2019).
13. Hernéandez, N. et al. Retrieving the structure of probabilistic sequences of auditory stimuli from eeg data. Sci. Rep. 11, 3520. https://
doi.org/10.1038/s41598-021-83119-x (2021).
14. Rissanen, ]. A universal data compression system. IEEE Trans. Inf. Theory 29, 656-664. https://doi.org/10.1109/T1T.1983.10567
41 (1983).
15. Notebaert, W. et al. Post-error slowing: An orienting account. Cognition 111, 275-279 (2009).
16. Danielmeier, C. & Ullsperger, M. Post-error adjustments. Front. Psychol. 2, 233. https://doi.org/10.3389/fpsyg.2011.00233 (2011).
17. Danielmeier, C., Eichele, T., Forstmann, B. U,, Tittgemeyer, M. & Ullsperger, M. Posterior medial frontal cortex activity predicts
post-error adaptations in task-related visual and motor areas. J. Neurosci. 31, 1780-1789. https://doi.org/10.1523/J]NEUROSCL
4299-10.2011 (2011).
18. Braem, S., Coenen, E., Bombeke, K., Bochove, M. E. V. & Notebaert, W. Open your eyes for prediction errors. Cogn. Affect. Behav.
Neurosci. 15, 374-80. https://doi.org/10.3758/s13415-014-0333-4 (2015).
19. Spiliopoulos, L. The determinants of response time in a repeated constant-sum game: A robust bayesian hierarchical dual-process
model. Cognition 172, 107-123 (2018).
20. Schotter, A. & Trevino, I. Is response time predictive of choice? an experimental study of threshold strategies. Exp. Econ. 24, 87-117
(2021).
21. NeuroMat-FAPESP. The goalkeeper game. https://game.numec.prp.usp.br/ (2022).
22. Stern, R. B. et al. Goalkeeper game: A new assessment tool for prediction of gait performance under complex condition in people
with parkinson’s disease. Front. Aging Neurosci. 2020, 145. https://doi.org/10.3389/fnagi.2020.00050 (2020).
23. Hernéndez, N., Galves, A., Garcia, J., Gubitoso, M. D. & Vargas, C. D. Probabilistic prediction and context tree identification in
the goalkeeper game. Arxiv 2023, 859 (2023).
24. Galves, A., Leonardi, F. & Ost, G. Statistical model selection for stochastic systems with applications to bioinformatics, linguistics
and neurobiology. https://coloquio33.impa.br/pdf/33CBM15-eBook-preview.pdf (2022).
25. Benjamini, Y. & Hochberg, Y. Controlling the false discovery rate: A practical and powerful approach to multiple testing. J. R. Stat.
Soc. 57, 289-300 (1995).
26. Hill, M. A. & Dixon, W. J. Robustness in real life: A study of clinical laboratory data. Int. Biometr. Soc. 38, 377-396 (1982).
27. Galves, A. & Locherbach, E. Infinite systems of interacting chains with memory of variable length-a stochastic model for biological
neural nets. J. Stat. Phys. 151, 896-921. https://doi.org/10.1007/s10955-013-0733-9 (2013).
28. Botvinick, M. M., Braver, T. S., Barch, D. M., Carter, C. S. & Cohen, J. D. Conflict monitoring and cognitive control. Psychol. Rev.
108, 624-652 (2001).
29. Wessel, J. R. An adaptive orienting theory of error processing. Psychophysiology 55, 1456. https://doi.org/10.1111/psyp.13041
(2018).
30. Larson, M. ], Clayson, P. E. & Baldwin, S. A. Performance monitoring following conflict: Internal adjustments in cognitive control?.
Neuropsychologia 50, 426-433 (2012).
31. Chiappori, P. A,, Levitt, S. & Groseclose, T. Testing mixed-strategy equilibria when players are heterogeneous: The case of penalty
kicks in soccer. Am. Econ. Rev. 92, 1138-1151 (2002).
32. Palacios-Huerta, I. Professionals play minimax. Rev. Econ. Stud. 70, 395-415 (2003).
33. Osborne, M. J. & Rubinsteint, A. A course in game theory. https://arielrubinstein.tau.ac.il/books/GT.pdf (1994).

Acknowledgements

This work is part of the activities of the Sdo Paulo Research Foundation (FAPESP)’s Research, Innovation and
Dissemination Center for Neuromathematics (NeuroMat, grant # 2013/ 07699-0). P.R.C.P. was supported by
CAPES (88882.33210 8/2019-01) and FAPESP (2022/00699-3) fellowships. A.G and C.D.V. were supported by
CNPq (grants 314836/2021-7, 310397/2021-9 and 407092/2023). This work was also funded by Fundagéo de
Apoio a Pesquisa do Estado do Rio de Janeiro (FAPER] grants # E26/010002474/2016, # CNE 202.785/2018 and
#E-26/010.002418/2019) and FINEP ( # 18.569-8). The authors acknowledge the hospitality of the Institut Henri

Scientific Reports |

(2024) 14:8446 | https://doi.org/10.1038/s41598-024-58203-7 nature portfolio


https://github.com/PauloCabral-hub/Publications/tree/main/Passos_etal2023
https://github.com/PauloCabral-hub/Publications/tree/main/Passos_etal2023
https://doi.org/10.1016/0010-0285(87)90002-8
https://doi.org/10.1037//0096-3445.130.4.658
https://doi.org/10.3758/BF03193619
https://doi.org/10.1016/j.cognition.2007.07.005
https://doi.org/10.1016/j.neuron.2015.09.019
https://doi.org/10.1016/j.tics.2014.12.010
https://doi.org/10.1038/s41562-018-0463-8
https://doi.org/10.1016/j.tics.2018.06.002
https://doi.org/10.1016/j.tics.2018.06.002
https://doi.org/10.1523/JNEUROSCI.0144-17.2017
https://doi.org/10.1167/17.12.1
https://doi.org/10.3390/math7050427
https://doi.org/10.3390/math7050427
https://doi.org/10.1038/s41598-021-83119-x
https://doi.org/10.1038/s41598-021-83119-x
https://doi.org/10.1109/TIT.1983.1056741
https://doi.org/10.1109/TIT.1983.1056741
https://doi.org/10.3389/fpsyg.2011.00233
https://doi.org/10.1523/JNEUROSCI.4299-10.2011
https://doi.org/10.1523/JNEUROSCI.4299-10.2011
https://doi.org/10.3758/s13415-014-0333-4
https://game.numec.prp.usp.br/
https://doi.org/10.3389/fnagi.2020.00050
https://coloquio33.impa.br/pdf/33CBM15-eBook-preview.pdf
https://doi.org/10.1007/s10955-013-0733-9
https://doi.org/10.1111/psyp.13041
https://arielrubinstein.tau.ac.il/books/GT.pdf

www.nature.com/scientificreports/

Poincaré.(LabEx CARMIN ANR-10-LABX-59-01) where part of this work was written. We thank the anonymous
reviewers for their excellent suggestions and criticisms that helped improve the manuscript. Dedicated to the
memory of Antonio Galves.

Author contributions
All authors have contributed equally to the article.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-024-58203-7.

Correspondence and requests for materials should be addressed to C.D.V.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Scientific Reports |

(2024) 14:8446 | https://doi.org/10.1038/s41598-024-58203-7 nature portfolio


https://doi.org/10.1038/s41598-024-58203-7
https://doi.org/10.1038/s41598-024-58203-7
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Response times are affected by mispredictions in a stochastic game
	Methods
	Experimental protocol
	Analysis
	Estimating a context tree from the sequence of response times
	Algorithm steps
	Epochs and mode context tree
	Response time and accuracy analysis
	Index of correctly predicted transitions
	Response time comparison according to the result of previous predictions
	Benjamini-Hochberg procedure


	Results
	Discussion
	References
	Acknowledgements


