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研究成果の概要（和文）：ヒトは過去の経験から未来に起こることを予測する．本研究では，そのような経験か
ら予測する機能に関連する脳波成分を特定した．ヒトを実験対象とした脳波計測の結果，予測を行う脳内処理は
P3aと呼ばれる脳波成分に反映されることが分かった．その一方，脳波成分の一つであるP3bは，予測と関連しな
い処理が反映されることが示された．この結果は経験を処理するために複数の脳内処理が存在することを示唆
し，これはヒト学習機能の深い理解への手がかりになる．

研究成果の概要（英文）：Human predict future events from past experienced events. This study 
identified electroencephalography (EEG) components that contribute this human prediction function. 
The results of human EEG experiment, we found that the process associated with the prediction 
affects P3a, one of the EEG components. On the other hand, the other component, P3b, reflected the 
other process not associated with the prediction. The results suggest that the multiple brain 
processes exist for processing our experiment. This suggestion will contribute deep understanding of
 human learning function.

研究分野：認知科学
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１．研究開始当初の背景 
 
	 ヒトの脳は，意識的・無意識的に関わらず，
常にあらゆる事象を予測している [Bublic+, 
Front. Hum. Neurosci., 2010]．例えば，図書
館などで突発的な大きな音が鳴れば大きく驚
くが，工事現場などで同様の音が鳴っても，
大して驚かない．なぜなら，「工事現場は大き
な音が鳴る」という経験があり，それをもと
に起こり得る事象を予測しているからである．
予測は経験に依存する．本課題では，「どのよ
うに経験が予測に反映されるのか」を神経反
応の観測によって明らかにすることを目的と
する． 
	 ヒトの予測メカニズムを観測する手段とし
て，反応時間などの行動データ計測や，脳波
を始めとする神経活動計測は有望な手段であ
る．例えば，複数の単純な刺激（短い音や図
形）を，2秒程度おきに次々とランダムに提示
する課題（オドボール課題）を行うと，刺激の
発生頻度によって異なる脳波特徴が発生する．
これは，脳が刺激発生履歴（経験）から次の刺
激を予測しており，予測と現実（実際に起こ
った刺激）との誤差が，脳活動に影響を与え
ていると考えられる． 
	 刺激脳発生履歴から刺激を観測するごとに
発生する脳活動パターンをモデル化し，予測
メカニズムを解析する方法を，モデルベース
解析と呼ぶ [Lieder+, PLoS Comput. Biol., 
2013]．この解析では，様々な神経モデル（例
えば，適応モデル [Schroger, Neurosci. Lett., 
1995]）や学習理論 (例えば，Free energy 
principal [Friston, Nature Reviews 
Neurosci., 2010])を基にモデルを設計する．
その中で，推定誤差が小さいモデルが，予測
メカニズムをよく近似しているとされる． 
	 このモデルベース解析を用いて，Mars et al. 
(2010)と Kolossa et al. (2011)は，刺激履歴と
脳波成分のひとつである P3 との関連を調査
した．P3は，刺激を観測してから約 300ミリ
秒から 400ミリ秒で発生する正方向への電位
の揺れであり，刺激の発生頻度によってその
揺れの大きさ（振幅）が変化することが知ら
れている．これらの先行研究は，脳が刺激の
発生頻度をどのように計算しているのかをモ
デルを用いて説明し，それが P3 の振幅に反
映されることを明らかにした．これらの成果
は，人がどのように外部環境を脳内の内部モ
デルとして理解し保持しようとするのかを説
明するための手がかりとなった． 
 
２．研究の目的 
 
	 先行研究では，刺激発生頻度どのように計
算するかを明らかにしたが，人を取り囲む環
境はより複雑で高度である．したがって，人
の予測能力をモデル化するには，どの程度複
雑な外部環境を内部モデル化できるかを明ら
かにする必要がある．そこで，本研究では，複
雑な外部環境の一つとして，マルコフ連鎖で

発生する刺激系列を用いる．マルコフ連鎖と
は，次に発生する刺激の発生確率が，前の刺
激に依存する確率過程である．例えば，丸と
四角の図形のいずれかが，一つずつ発生する
環境を考える．このとき，「丸の次は四角が発
生しやすい」や「四角の次は四角が発生しや
すい」という確率的なルールのことを，マル
コフ連鎖と呼ぶ． 
	 マルコフ連鎖は，「ある事象から，ある事象
への状態遷移」を繰り返すが，このような状
態遷移を含む外部環境を，脳がどのように処
理しているかは明らかではない．本研究では，
人がこのような外部環境に直面したときに，
どのような内部モデルを構築するのか，どの
ように構築するのか，を脳波計測を用いて調
査した． 
 
３．研究の方法 
 
	 マルコフ連鎖で発生する刺激系列を 11 名
の実験参加者に呈示し，そのときの行動と脳
波を計測した．参加者は，次々に表示される 2
つの刺激に対して，Two-choice response time
（TCRT）タスクを行った	 [Mars+, 2010]．
TCRT タスクでは全ての刺激に対して，刺激
の種類に応じた応答を参加者に課す．下図に
本実験で行ったタスクの流れを示す．被験者
は顎台で顔の位置を固定した状態で LCD デ
ィスプレイの前に座る．ディスプレイと椅子
の間に設置された机の上の 4 ボタントラック
ボールの左側のボタンに左手，右側のボタン
に右手を触れておく．ディスプレイに表示さ
れる固視点を見る．その後，固視点が表示さ
れていた位置に，丸か四角の図形が表示され
る．図形の種類に応じて，刺激提示後 1 秒以
内に右か左のボタンをクリックする．応答の
有無に関わらず，刺激提示から 1.4--1.6 秒以
内に次の刺激が提示される．どちらのボタン
をクリックするかは，前もって指示されてい
る．例えば，「丸が右クリック，四角が左クリ
ック」のように対応付けされる． 
 

 
	 図形刺激（被験者に表示される丸・四角の
図形）は，あるマルコフ連鎖にしたがって発
生する．マルコフ連鎖における条件付き確率
の状態は 2種類あり，それぞれ状態 1，状態 2
とする．2 つの図形刺激を刺激𝑎と刺激𝑏とす
ると，状態 1の場合，刺激𝑎のあとに刺激𝑎が
発生する確率は 0.3，刺激𝑎のあとに刺激𝑏が
発生する確率は 0.7，刺激𝑏のあとに刺激𝑏が
発生する確率は 0.3，刺激𝑏のあとに刺激𝑎が
発生する確率は 0.7 と設定した．前回の刺激



𝑆$%&を観測したあとに現在の刺激𝑆$が発生す
る確率を𝑃(𝑆$|𝑆$%&)と表すと，それぞれの刺激
の条件付き発生確率は，𝑃(𝑎|𝑎) = 𝑃(𝑏|𝑏) =
0.3, 𝑃(𝑏|𝑎) = 𝑃(𝑎|𝑏) = 0.7と表すことができ
る．状態 2の場合は，𝑃(𝑎|𝑎) = 0.3, 𝑃(𝑏|𝑎) =
0.7, 𝑃(𝑎|𝑏) = 𝑃(𝑏|𝑏) = 0.5と設定した．これ
らの状態を下図にまとめる． 
 

 
	 被験者は，310 試行からなる 1 セッション
を 4回行う．状態 1と状態 2の設定で，それ
ぞれ 2 セッションずつ行うが，その順番はラ
ンダムである．どちらの図形が刺激𝑎，刺激𝑏
に対応するかは，セッションごとにランダム
である．1 セッションにおける刺激𝑎と刺激𝑏
の 310回分の出現順序は，状態毎に異なる．
しかし，同じ状態における 2 セッションにお
いて，出現順序は同じである．セッション間
には，最低 2 分の休憩を取った．被験者は，
セッション毎に刺激の発生確率が異なること
は知らされていない．また，実験後のアンケ
ートの結果，状態が 2 つあることに気づいた
被験者はいなかった． 
	 脳波は，BioSemi ActiveTwoを使用し測定
された．このとき，リファレンス電極として
common mode sense (CMS) を用いて ，64
個の電極で信号を記録した．サンプリング周
波数は 512 Hz で記録した．脳波と同時に，
左・右耳朶，右目の右側，左目の左・上・下側
に電極を設置し，電位を記録した．また，行動
データとして，被験者のボタン応答における
応答ボタンと反応速度を，Psychtoolboxによ
って計測した． 
	 脳波データを次のように処理した．まず，
両耳朶に観測された平均信号を参照信号とし
た．そして，眼電位が 80 µVを超える電位が
観測された試行を解析から取り除いた．前処
理として 0.3—30 Hz のバンドパスフィルタ
を適用した．さらに，刺激呈示 100 ms前から
刺激呈示までの脳波電位の平均が 0 になるよ
うにベースライン補正を行った． 
	 前処理後の電位を刺激履歴から Trial-by-
Trialに予測する回帰分析を行なった．回帰分
析における説明変数として，刺激履歴から発
生頻度（定常頻度）と遷移頻度を計算した．定
常頻度は刺激𝑎，もしくは刺激𝑏が発生する頻
度である．遷移頻度は，ある刺激のあとにあ
る刺激が発生する頻度であり，例えば，刺激𝑎
から刺激𝑏に遷移する頻度である．その頻度か
ら，ある電極・ある潜時（刺激呈示からの時
間）に観測される電位を一般化線形回帰モデ
ルを用いて予測した．これにより，刺激の持
つ定常頻度と遷移頻度がどの脳波成分に影響
を与えるかを調べる． 
	
４．研究成果	

	
	 応答速度の結果を図 1 に示す．状態 1 にお
いては，𝑎𝑏と𝑏𝑎において応答精度が高くなっ
ている．また，図 2 に示した応答精度におい
ても，これらについては，精度が高い．つま
り，遷移確率が高い両者について，実験参加
者は速く正確に応答できた．これは，次に起
こる刺激を予測して，応答の準備をしている
ことを示唆している．この傾向は，状態 2 に
おいても観測できる．	

	 図 3 に回帰分析における予測精度を示す．
定常頻度と遷移頻度の両方の効果が確認され
た．これらの効果が観測される潜時や電極位
置が異なる．先行研究	 [Polich,	 Clin.	
Neurophysiol.,	 2007]と照らし合わせると，
定常頻度はP3の中でも遅い成分であるP3bに，
遷移頻度は早い成分である P3a に反映される
ことが分かった．さらに，タスク開始からの
応答数という観点で観測すると，遷移頻度は
タスク開始当初（応答数が少ないとき）に P3a
に反映されて，応答数が多くなるとその効果
はだんだんと弱くなった．逆に，定常頻度に
おける P3b の効果は，応答数が多くなるほど
大きくなる．これらの結果より，2つのP3の
成分である P3a と P3b は 2 つの異なるプロセ
スを反映していることが示唆される．一つは，
P3a に反映される内部モデルの更新プロセス
である．もう一つは定常状態におけるグロー
バル効果を反映する P3a である．	
	 これらの考察から，次の 3 つの仮説を提案
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Aichi, Japan, and the experiment was conducted in accordance
with the committee’s approved guidelines.

2.1.2. Experimental Design
The participants performed a two-choice response time (TCRT)
task (Figure 1) without feedback about response accuracy (Mars
et al., 2008; Kolossa et al., 2012): Two visual stimuli were
presented about every 1.5 s, and the participants were required
to respond to each stimulus with the previously associated
button as quickly as possible. Visual stimuli were presented on
an LCD display [VIEWPixx EEG (VPixx Technologies)] with
Psychtoolbox-3 and MATLAB R2011b (The MathWorks, Inc.).
The participants were seated in front of the display. They touched
their left or right hand to the left or right button of a four-button
trackball on the desk between the participant and the display.

A single trial consisted of the following procedures. First, the
participant gazed at the fixation cross (2.0◦ × 2.0◦) presented at
the center of the display for 400–600 ms. Then, the fixation cross
vanished, and a circle or a square (2.0◦ × 2.0◦) was presented
for 200 ms at the location where the fixation cross had originally
been presented. The participant clicked the left or right button
as quickly as possible. The participant’s response was accepted
from 200 ms to 1000 ms after the symbol was presented. If the
participant did not respond during this period, then the trial was
recorded as a no-response trial. The fixation cross was presented
when the symbol vanished.

The symbol-response assignment and instructions were
given to the participants before the experiment. For example,
participants were instructed “to click the left (right) button when
the circle (square) appears.” Before the measurement blocks, the
participants underwent a training blocks for the response task
consisting of 50 trials; the training blocks was repeated until the
participants’ response accuracy reached 90%. During the training
blocks, the stimulus sequences were generated randomly with a
uniform probability distribution.

The symbol stimuli (circle and square) were generated with
simple Markov chains. There were two conditions (C1 and C2)
with differentMarkov chains. Let Event a and Event b correspond
to either the circle or the square, respectively, and let En be the
present event and En− 1 be the preceding event. This assignment
is denoted as the event-symbol assignment. Condition C1 can
be represented with the transition probabilities P(En | En− 1) as

Reponse IntervalInstruction

Presentation

Task
Click Click

400--600 ms800 ms200 msTime

1 trial

Track ball for response

FIGURE 1 | The experimental procedure. This represents the participant’s

task for a case in which the square corresponds to the right click and the circle

corresponds to the left click.

P(a | a) = P(b | b) = 0.3 and P(b | a) = P(a | b) = 0.7.
For Condition C2, P(a | a) = 0.3, P(b | a) = 0.7, and
P(a | b) = P(b | b) = 0.5. The Markov chains for the two
conditions are summarized in Figure 2.

A single block consisted of 300 trials, and the participants
executed a total of four blocks. Two blocks were of Condition
C1, and two were of Condition C2. The event sequence was
the same for the two blocks that had the same condition. The
participants took a break of at least two minutes between blocks.
The participants were not told that there were two conditions
for the generative model, and according to a question that we
asked the participants after the experiment, none noticed that
there were two conditions.

The symbol-response and event-symbol assignments and the
block orders were decided randomly as follows. The symbol-
response assignment was different for each participant. The
event-symbol assignment was chosen randomly during the
blocks. The order of the blocks with the two conditions was
random.

2.1.3. EEG Acquisition
The EEG signals were recorded using a BioSemi ActiveTwo
system. The EEG recording was performed at a sampling rate
of 512 Hz with a 64-electrode cap, referenced to the common
mode sense (CMS) active electrode. The 64 active electrodes were
positioned to cover the whole head according to the extended
International 10/10 system. The signals in the electrodes placed
on the left and right earlobes, on the right side of the right
eye (on the temple), and at the left, upper, and lower sides of
the left eye were also measured. For preprocessing, the signals
were re-referenced with the averaged potential of both earlobes.
Moreover, a Butterworth bandpass filter (passband: 0.3–30 Hz,
order: 4) was applied to the signals. Epochs were corrected using
the−100 to 0 ms period as the baseline. The epochs in which the
vertical electroculograms weremore than±80µVwere removed.

2.2. Analysis of Behavior and EEG
In our analysis, the symbols aa, ab, ba, and bb represent the
data for the present stimulus after the preceding stimulus. For
example, ab represents the data for Event b after Event a.

For the behavioral data, the clicked buttons and the
response times of the participants’ responses for all trials were
acquired. The trials in which the participants responded with
the wrong button were removed from the analysis of the
response time. We tested the averaged behavioral data for
each participant with a two-way repeated-measures analysis of
variance (ANOVA) (Cohen et al., 2003; Rac-Lubashevsky and

ba

0.7

0.3 0.3

0.7

ba

0.7

0.3 0.5

0.5

A B

FIGURE 2 | The Markov chains used to generate the event sequences

in the two conditions. (A) Condition C1. (B) Condition C2.
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A B

FIGURE 6 | Response time for the single stimulus or sequence. The

error bars show the standard error. (A) Condition C1. (B) Condition C2.

A B

FIGURE 7 | Response accuracy for the single stimulus or sequence.

The error bars show the standard error. (A) Condition C1. (B) Condition C2.

(0.7) and bb (0.5), and Sequences ab (0.7) and ba (0.5) in the
generative model of Condition C2, however, did not appear in
behavior.

3.2. Event-Related Potentials
Figure 8 depicts the grand-averaged ERP waveforms. The
ANOVA showed an effect of Preceding in FCz (Conditions C1
andC2) and CPz (ConditionC1) at a latency around 340–400ms.
An effect of Present was found in CPz, Condition C2 at a latency
around 370–400 ms. In Figure 8A, the peak amplitude for the
sequences that have a transition probability of 0.3 (aa and bb) is
higher than that for those that have a transition probability of 0.7
(ab and ba). Sequence aa in Condition C2, which has a transition
probability of 0.3, leads to the highest peak amplitude, as shown
in Figures 8B,D.

The peaks of P300 are at around 400 ms, which are 100 ms
later than the peak latencies reported by Kolossa et al. (2012), who
employed a color discrimination task. This difference could be
caused by the difference in the stimulus features that an observer

should detect for the TCRT tasks (Smid et al., 1999). Mars et al.
(2008), who employed a shape discrimination task, reported a
similar peak latency as in this analysis, around 400 ms.

3.3. Model-Based Analysis
Figure 9 displays the log-Bayes factors. We found high log-Bayes
factors (shown in red), which indicate high fitting accuracy, in
some channels and latencies.

For the stationary-state model MS, the likelihood-ratio test
showed that the models that reached a log-Bayes factor ≥ 1487
fitted significantly more accurately than the common reference
model (p < 0.05). The latencies at the channels FCz and CPz
in which the statistically significant differences were found are
shown as the red bars with the ERP waveforms in Figure 8. At
FCz, effects are found within 300–360 and 500–580 ms. At CPz,
effects are found within 380–400 and 480–600 ms.

For the state transition model MT, the likelihood-ratio test
showed that the models that reached a log-Bayes factor ≥
2241 were statistically significant (p < 0.05). The latencies at
the channels FCz and CPz in which the statistically significant
differences were found are shown as the green bars with the
ERP waveforms in Figure 8. At FCz, an effect is found within
340–480 ms. At CPz, an effect is found within 340–440 ms.

In Figure 10A, which shows the change in the log-Bayes
factors according to the stage of the trials, an increase at the
middle stage and a decrease at the last stage in the log-Bayes
factors for MT (t = 360 ms) were observed at FCz and Cz.
Figure 10B shows that the log-Bayes factor forMS at Cz and CPz
increases as the trials accumulate.

4. DISCUSSION

This study investigated the effects of predictive stationary
surprise and predictive transition surprise on EEG potentials
under the assumption that the internal model is formed with
state transitions and predictive surprise is based not only on a
stationary-state model but also on a state transition model. For
this, we applied Markov chains to generate event sequences in
order to isolate the effects of stationary and transition surprises.
The results show that predictive stationary surprise better
explains P3b and predictive transition surprise better explains
P3a. This suggests two distinct mechanisms in human prediction.
The effect of predictive transition surprise on P3a suggests that a
mechanism for estimating the generative model exists and that
the internal model forms a state transition model. The result also
indicates a mechanism for processing a stationary-state model
as observed by the variability of P3b. The dependencies on time
(the number of observed events) of these effects could reflect the
process to form the observer’s prediction.

We adopted a simple procedure in which predictive surprise
was estimated as the self-information of the present event. The
self-information for the event was estimated from the preceding
event sequences. This procedure is equivalent to the procedure
proposed by Mars et al. (2008). Kolossa et al. (2012) improved
the model as the digital filtering (DIF) model. However, the
optimization problem for the parameters in the DIF model is
very complex, and the optimization needs to use an empirical
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FIGURE 6 | Response time for the single stimulus or sequence. The

error bars show the standard error. (A) Condition C1. (B) Condition C2.

A B

FIGURE 7 | Response accuracy for the single stimulus or sequence.

The error bars show the standard error. (A) Condition C1. (B) Condition C2.

(0.7) and bb (0.5), and Sequences ab (0.7) and ba (0.5) in the
generative model of Condition C2, however, did not appear in
behavior.

3.2. Event-Related Potentials
Figure 8 depicts the grand-averaged ERP waveforms. The
ANOVA showed an effect of Preceding in FCz (Conditions C1
andC2) and CPz (ConditionC1) at a latency around 340–400ms.
An effect of Present was found in CPz, Condition C2 at a latency
around 370–400 ms. In Figure 8A, the peak amplitude for the
sequences that have a transition probability of 0.3 (aa and bb) is
higher than that for those that have a transition probability of 0.7
(ab and ba). Sequence aa in Condition C2, which has a transition
probability of 0.3, leads to the highest peak amplitude, as shown
in Figures 8B,D.

The peaks of P300 are at around 400 ms, which are 100 ms
later than the peak latencies reported by Kolossa et al. (2012), who
employed a color discrimination task. This difference could be
caused by the difference in the stimulus features that an observer

should detect for the TCRT tasks (Smid et al., 1999). Mars et al.
(2008), who employed a shape discrimination task, reported a
similar peak latency as in this analysis, around 400 ms.

3.3. Model-Based Analysis
Figure 9 displays the log-Bayes factors. We found high log-Bayes
factors (shown in red), which indicate high fitting accuracy, in
some channels and latencies.

For the stationary-state model MS, the likelihood-ratio test
showed that the models that reached a log-Bayes factor ≥ 1487
fitted significantly more accurately than the common reference
model (p < 0.05). The latencies at the channels FCz and CPz
in which the statistically significant differences were found are
shown as the red bars with the ERP waveforms in Figure 8. At
FCz, effects are found within 300–360 and 500–580 ms. At CPz,
effects are found within 380–400 and 480–600 ms.

For the state transition model MT, the likelihood-ratio test
showed that the models that reached a log-Bayes factor ≥
2241 were statistically significant (p < 0.05). The latencies at
the channels FCz and CPz in which the statistically significant
differences were found are shown as the green bars with the
ERP waveforms in Figure 8. At FCz, an effect is found within
340–480 ms. At CPz, an effect is found within 340–440 ms.

In Figure 10A, which shows the change in the log-Bayes
factors according to the stage of the trials, an increase at the
middle stage and a decrease at the last stage in the log-Bayes
factors for MT (t = 360 ms) were observed at FCz and Cz.
Figure 10B shows that the log-Bayes factor forMS at Cz and CPz
increases as the trials accumulate.

4. DISCUSSION

This study investigated the effects of predictive stationary
surprise and predictive transition surprise on EEG potentials
under the assumption that the internal model is formed with
state transitions and predictive surprise is based not only on a
stationary-state model but also on a state transition model. For
this, we applied Markov chains to generate event sequences in
order to isolate the effects of stationary and transition surprises.
The results show that predictive stationary surprise better
explains P3b and predictive transition surprise better explains
P3a. This suggests two distinct mechanisms in human prediction.
The effect of predictive transition surprise on P3a suggests that a
mechanism for estimating the generative model exists and that
the internal model forms a state transition model. The result also
indicates a mechanism for processing a stationary-state model
as observed by the variability of P3b. The dependencies on time
(the number of observed events) of these effects could reflect the
process to form the observer’s prediction.

We adopted a simple procedure in which predictive surprise
was estimated as the self-information of the present event. The
self-information for the event was estimated from the preceding
event sequences. This procedure is equivalent to the procedure
proposed by Mars et al. (2008). Kolossa et al. (2012) improved
the model as the digital filtering (DIF) model. However, the
optimization problem for the parameters in the DIF model is
very complex, and the optimization needs to use an empirical
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することができる．	
（1） 外部環境が状態遷移を持つとき，

脳は状態遷移を含む内部モデル
を表現することができる．	

（2） 外部環境の状態遷移確率が変化
しない場合，内部モデルの更新は
ある時点で停止する．	

（3） P3b は内部モデルとは関連しない
誤差を反映している．	

	 本研究において，内部モデル構築プロセス
の一端を明らかにした．今後，信号源解析な
どによってプロセスを担う部位，もしくは部
位ネットワークを特定することで，よりヒト
の予測機能の理解が深まることが期待される．
また，内部モデルを構築し予測を立てること
は，ヒトが未来の行動をどのように決定する
かという意思決定に関連する．したがって，
本研究で特定した脳波成分は，強化学習とい
った意思決定，および学習における脳内プロ
セスを明らかにするための手がかりになる．
また，本研究によって，学習における誤差信
号が，高い時間分解能を持つ脳波で観測可能
であることが示された．これにより，ヒトが
どのように内部モデルを更新するのか，その
順序や時間ダイナミクスを明らかにすること
が可能である．	
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FIGURE 8 | The grand-averaged EEG potentials observed at the channels FCz and CPz for each sequence with two successive stimuli. The vertical

dashed lines located at 0 and 200 ms represent the onset and offset of the symbol stimulus. The vertical solid lines represents the latency when the maximum

amplitude was observed. The time periods in which the main effects are found in the ANOVA at each channel are shown by the red (Present), green (Preceding), and

blue (interaction) unfilled bars (p < 0.05). The time periods in which the main effects are found in the log-Bayes factors at each channel are shown by red (the

stationary-state model MS) and green (the state transition model MT) filled bars (p < 0.05). (A) FCz (Condition C1). (B) FCz (Condition C2). (C) CPz (Condition C1).

(D) CPz (Condition C2).
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FIGURE 9 | Log-Bayes factors BM for each stage of the trials (left to right: whole trials (1st–300th) and early (1st–100th), middle (101st–200th), and last

(201st–300th) stages). The factor decreases as the color turns from red to blue (see the color bar beside each figure). (A) Model based on predictive stationary

surprise MS. (B) Model based on predictive transition surprise MT.
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