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Abstract: The frog-in-the-pan (FIP) phenomenon suggests that investors are more sensitive to abrupt
price changes than gradual price changes in the stock market. Based on the cognitive-evolutionary
model of surprise and the reinforcement learning model, this paper provides a new explanation
for the FIP phenomenon in that this phenomenon could be explained by the elicitation of surprise
emotion. We predict that when a change substantially and abruptly occurs, the significant prediction
error triggers participants’ surprise, which makes participants more sensitive to the change. To
ascertain these hypotheses, we recruited 109 participants and compared participants’ learning rates
and surprise responses under different contexts. We observed that participants’ learning rate soared
when the prediction error was large enough to trigger surprise emotion under abruptly changed
conditions and confirmed that the FIP phenomenon could be explained by the elicitation of surprise
emotion. In a word, this research demonstrates the significant role of surprise emotion in the
decision-making process.

Keywords: frog-in-the-pan; surprise; cognitive-evolutionary model of surprise; reinforcement learn-
ing model; decision making

1. Introduction

The efficient market hypothesis (EMH) [1] presumes that investors are rational [2–4]
and use all available information to form “rational expectations” about the value of assets [5].
However, more and more studies have confirmed that investors are irrational [6–11] and
exhibit information bias [12]. For example, investors react differently to stock price changes.
And they tend to be less sensitive to gradual changes than dramatic changes [13]. Inspired by
the boiling-frog anecdote, Da et al. [14] found that investors were insensitive to information
arriving continuously in small amounts while more sensitive to information arriving at discrete
time points in large amounts (frog-in-the-pan phenomenon, FIP). A lack of attention could
explain this phenomenon. However, some research suggested that this explanation remains
open to question [15].

The present research sought to provide a new explanation for the FIP based on the
cognitive-evolutionary model of surprise [16]. The cognitive-evolutionary model of sur-
prise proposes that surprise emotion is activated when the new information disconfirms
the belief. When people feel surprised, they tend to update their beliefs and put more
weight on the new information. In other words, people are more likely to rely on the newly
received information during estimation when they are surprised. Based on this theory, we
propose that under gradually changing conditions, the difference between the participants’
beliefs and the new information (i.e., the prediction error) is relatively small, which fails
to trigger surprise emotion. Therefore, participants are likely to be insensitive to the new
information. However, when changes are abruptly introduced, the prediction error is large
enough to elicit surprise emotion and induce belief updating. Thus, participants tend to
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be more sensitive to the new information. We conducted a brand-new estimation task
adapted from Nassar and his colleagues’ [17] predictive-inference task to ascertain this
explanation. This task included two main conditions: the gradually changed condition and
the abruptly changed condition. First, we used the learning rate from the reinforcement
learning model (RL model) to quantify the effect of new information on participants’ esti-
mation under the gradually changed condition and the abruptly changed condition. We
found that participants tended to rely more on new information to update their beliefs in
the latter case. Second, we conducted a segmented regression to verify that the learning rate
would soar when the prediction error is large enough to elicit surprise emotion. And we
observed that participants tended to make a significant prediction error under the abruptly
changed condition. Lastly, we proved that surprise emotion was induced when changes
were abruptly introduced by comparing RTs under the gradually changed condition and
the abruptly changed condition.

This research makes several contributions. First, we provide a new explanation for the
FIP phenomenon based on the cognitive-evolutionary model of surprise and the RL model.
Second, we call attention to how surprise affects evaluation in the decision-making process,
which is also the main contribution of the present study.

2. Literature Review
2.1. Previous Explanations for the FIP Phenomenon

Da and his colleagues were the first researchers to propose the FIP phenomenon in the
financial field [18]. Before Da et al. research, however, some researchers had noticed that
people were likely to be imperceptive to gradual adjustments while perceptive to abrupt
adjustments in daily life.

Gino and Bazerman found that the FIP phenomenon existed in unethical behavior [13].
They set two roles in their research, the first one was estimators and the second one
was approvers. Estimators were required to estimate the coins in a jar repeatedly. If an
estimation was accepted by approvers, the estimator would receive 8% of the estimation.
Therefore, deliberately giving high estimation was unethical behavior in this experiment.
The result demonstrated that participants were more receptive to progressive unethical
behavior and less receptive to abrupt unethical behavior, which indicated that participants
showed greater sensitivity to sudden unethical behavior and greater insensitivity to gradual
unethical behavior. The plausible explanation was that people tended to use previous
behavior as the standard to evaluate new behavior. Therefore, if the previously observed
behavior was acceptable, then a similar or slightly different behavior would be tolerated
as well. In addition, unethical behavior might become routine, and people would be
inattentive to it [13]. In a word, gradual unethical behavior was difficult to detect which
led to such behavior being more easily accepted.

Based on Gino and his colleague’s research, Da et al. conjectured and confirmed that
investors showed different sensitivity to different changes in magnitude [14]. Investors
were more sensitive to sudden and substantial price changes than slow and progressive
price changes. Da and his colleagues asserted that limited attentional resources could inhibit
investors’ ability to process all available information immediately, which led investors to
allocate more resources to dramatic changes and hence more sensitive to new changes [14].
To verify this conjecture, Da et al. conducted a Fama–MacBeth regression and observed
that the discreteness of information was positively correlated with turnover as well as
media coverage and press releases. In addition, Da et al. provided a two-period illustrative
model with two types of investors. They demonstrated that rational investors processed all
information immediately while FIP investors processed the information below the attention
threshold with a delay. Therefore, a lack of attentional sources led to the FIP phenomenon.

Offerman et al. reported that the FIP phenomenon was also found in the public goods
field [15]. Offerman et al. stated that the FIP phenomenon could be explained by the
anchoring effect. When a person considered the situation approximately constant, he
believed that the previous decision was optimal. When he detected a substantial change,
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he was motivated to change his decision. The “cost of thinking” may set a barrier for the
person to frequently adjust his decision. Notably, Offerman and his colleagues proposed
that the FIP phenomenon could not be explained by attention. With the public goods game
as the background, Offerman and his colleagues designed two treatments: the single-task
treatment and the dual-task treatment. In the single-task treatment, participants were only
informed to finish a public goods game and pay attention to the change in the subsidy.
While in the dual-task treatment, participants not only observed the adjustment in subsidy
but also attended to another task. However, they found that participants responded
similarly to the adjustments in subsidy in the single-task treatment as they did in the
dual-task treatment. Therefore, the FIP phenomenon did not result from limited attention.

Yang also noticed that participants were more susceptible to a sudden and substantial
change in an investment game [19]. She proposed that gradual changes were tentative
while substantial changes were confirmative. As a result, participants responded to sud-
den changes quickly. Yang set two types of information: the first information included a
sequence of minor changes while the second information included a substantial change.
Although participants made similar investment decisions under different conditions, they
took significantly less time to respond to the substantial changes. It suggested that partici-
pants were more susceptible to sudden and substantial adjustments.

In the research on extreme market events, Piccoli et al. asserted that investors were
more likely to overreact to extreme events in the stock market [20]. Based on the research of
Griffin and Tversky [21], Piccoli and his colleagues provided a plausible explanation for the
FIP phenomenon. They stated that investors tended to pay attention to the extremeness of
available evidence and pay less attention to the size of the evidence. As a result, investors
were more likely to overreact to extreme events and underreact to less extreme but more
frequent events.

In a word, the abovementioned research mainly explained the FIP phenomenon from
cognitive bias, while few studies used surprise emotion as a plausible explanation for the
FIP phenomenon.

2.2. Surprise Emotion

Surprise is one of six basic emotions [22]. The cognitive-evolutionary model of surprise
proposes that we unconsciously, continuously, and automatically compare the current acti-
vated belief with the newly received information [16,23]. Surprise emotion will be elicited
when we detect that the new information is significantly different from the existing be-
lief [16,23–29]. The degree of surprise is determined by the discrepancy between the previous
belief and the new information [23,30]. The cognitive-evolutionary model of surprise and a
large number of studies have shown that surprise drives belief updating [16,17,31–33]. When
surprise emotion is induced by the discrepancy between belief and new information, the
feeling of surprise makes people come to realize that the previous belief is not supported by
the new information [34]. As a result, people are likely to rely less on the original belief and
more on new information to revise the belief.

Based on the cognitive-evolutionary model of surprise, we conjectured that people
tend to be less sensitive to gradual changes because the discrepancy between people’s
beliefs and the new information is small. As a result, people tend to be less sensitive to
new information. However, when change is abruptly introduced, the discrepancy is large
enough to induce surprise emotion, which drives people’s belief of updating. Therefore,
people are likely to be more sensitive to new information. In brief, surprise emotion makes
participants more sensitive to new information.

2.3. The Reinforcement Learning Model (the RL Model)

Even though the cognitive-evolutionary model of surprise demonstrates the role of
surprise in learning and belief updating, it does not offer an algorithm to measure the effect
of surprise on belief updating. Thus, we adopted the RL model [35] (a detailed description
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is shown in Section 4.4.1), which provides the quantitative frameworks for understanding
adaptive behavior to demonstrate the role of surprise in the decision-making process.

In the RL model, the degree to which participants are affected by the new information is
quantified by the learning rate [36,37]. McGuire et al. [33] and Nassar et al. [17], respectively,
used the RL model to investigate participants’ learning behavior in a dynamic environment.
They both confirmed that participants had a higher learning rate and showed a significant
belief of updating when the stimulus was surprisingly adjusted.

3. Hypothesis

According to the RL model, a significant learning rate indicates that participants
allocate more weight to the new information; a tiny learning rate suggests that the effect of
new information on participants’ estimation is minimal. The FIP phenomenon indicates
that participants are more likely to be insensitive to gradual changes and sensitive to abrupt
changes. Based on the RL model, we conjectured that the learning rate was relatively low
under the gradually changed condition, and the learning rate soared under the abruptly
changed condition. Therefore, we proposed hypothesis 1 below.

Hypothesis 1: The learning rate is relatively low when participants face a sequence
of gradual changes. However, the learning rate is high when participants encounter an
abrupt change.

Hypothesis 1 indicates that participants are more sensitive to sudden adjustments and
less sensitive to gradual adjustments in target value. Based on the cognitive-evolutionary
model of surprise, we expected that the learning rate would soar when the prediction
error is large enough to induce surprise emotion. In addition, participants tend to make
a significant prediction error when the change abruptly occurs. As a result, participants
accelerate learning the new information under the abruptly changed condition. To ascertain
this reasoning, we proposed hypothesis 2 below.

Hypothesis 2: Participants’ learning rates are associated with their prediction errors.
Under the abruptly changed condition, the learning rates show a significant value jump due
to the large prediction error produced by the participants. In addition, the large prediction
error is more likely to occur in abruptly changed trials.

In addition, previous works indicated RTs were elevated when people were sur-
prised [16,25,27,38,39]. We tested this conclusion in this research. Specifically, we compared
RTs in gradually and abruptly changed trials. By comparing RTs in these trials, we ascer-
tained hypothesis 3 below.

Hypothesis 3: Participants are surprised by the significant prediction error in abruptly
changed trials because RTs are elevated in these trials.

The remainder of this paper is organized as follows. Section 4 briefly describes our
experimental design in this research. In Section 5, we present statistical evidence of our
conjecture. Finally, in Section 6, we conclude and discuss our findings.

4. Materials and Methods
4.1. Experiment Overview

We developed a brand-new estimation task based on Nassar and his colleagues’ predictive-
inference task to compare the learning rate and surprise response after a sudden and dramatic
change and a series of gradual changes [17]. The experiment included two tasks. The first one
was the estimation task and the second one was the reaction time (RT) task.

The estimation task aimed to compare participants’ sensitivity toward abrupt adjust-
ments and progressive adjustments in target value. In this task, participants were required
to predict the forthcoming numerical value (i.e., the target value, and its distribution is
shown in Table 1) based on their previous beliefs. The target value was set to slightly fluc-
tuate in gradually changed conditions and swing in abruptly changed conditions (shown
in Table 1). We predicted that participants would be more susceptible to sudden changes.
To verify our prediction, we recorded participants’ estimations and prediction errors (i.e.,
the gap between participants’ estimation and the target value) in each trial. By adopting
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the RL model, we calculated participants’ learning rates when the target value abruptly
adjusted and progressively adjusted and compared the two learning rates to investigate
their sensitivity toward abrupt adjustments and progressive adjustments.

Table 1. The distribution of target values in two formal blocks.

Gradually Changed Block
(Including Gradually Increase/Decrease Trials)

Abruptly Changed Block
(Including Abruptly Increase/Decrease Trials)

Trials Distribution Trend Trials Distribution Trend

1–20 N (25,1.7) randomly fluctuate 1–29 N (25,1.7) randomly fluctuate
21–30 N (30,1.7) gradually increase 30

N (35,1.7)
abruptly increase

31–40 N (35,1.7) randomly fluctuate 31–49 randomly fluctuate
41–50 N (30,1.7) gradually decrease 50

N (25,1.7)
abruptly decrease

51–60 N (25,1.7) randomly fluctuate 51–69 randomly fluctuate
61–70 N (20,1.7) gradually decrease 70

N (15,1.7)
abruptly decrease

71–80 N (15,1.7) randomly fluctuate 71–89 randomly fluctuate
81–90 N (20,1.7) gradually increase 90

N (25,1.7)
abruptly increase

91–100 N (25,1.7) randomly fluctuate 91–100 randomly fluctuate

The RT task was used to test whether participants were surprised by the large predic-
tion error when the target value suddenly and dramatically varied. In this task, participants
were informed to press the corresponding mouse button as quickly as possible. Participants
not only observed a letter indicating whether they should press the left or right mouse
button but also saw a green rectangle which represented the prediction error. The prediction
error was the gap between the target value and their latest estimation, which would soar
when the target value abruptly varied. We predicted that participants would be distracted
by the large prediction error and spend more time pressing the corresponding button. As a
result, RTs were extended when the target value suddenly and substantially adjusted. To
test this prediction, we measured and compared participants’ reaction times after they saw
the letter on the screen under different conditions.

4.2. Participants

One hundred and nine students participated in the experiment, including 56 un-
dergraduates and 53 post-graduates. All gave written informed consent and received
a monetary bonus for participation. Participants were paid a CNY 25 show-up fee and
received up to CNY 20 monetary bonus depending on their performance. The internal
Review Board of Management of Harbin Institute of Technology approved the experiment.

4.3. Material and Procedure

The experiment consisted of a practice block (20 trials) and two formal blocks (the
gradually changed block/the abruptly changed block). The order of the two formal blocks
was counterbalanced.

A formal block contained one hundred trials, and one trial included two tasks. The
first task was an estimation task, where participants were required to predict the target
value as closely as possible by clicking the estimation bar (Figure 1 Estimation task). The
estimation bar was composed of two graduated lines representing the range of possible
numbers (0 to 50) and a blue (0,0,255) bar representing the target value of the latest trial.
Participants made estimations by clicking the upper graduated line. After a click, a red
(255,0,0) bar, which represented the participants’ estimation in this trial, was printed below
the upper graduated line. The prediction error was the absolute difference between the red
bar (i.e., the current estimation) and the blue bar (i.e., the new target value). Participants’
task was to minimize prediction errors for all trials in a block.
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Figure 1. Schematized trial of the estimation task and RT (reaction time) task. First, participants make
an estimation (red) by clicking the graduated estimation line. Second, the fixation was shown and
lasted for 500 ms. Third, the prediction error (the green rectangle) was shown and one letter (“L” or
“R”) was printed on the rectangle. Participants were informed about pressing the left mouse button if
the letter is “L” and pressing the right mouse button if the letter is “R” as quickly as possible. After
the RT task, the current estimation (the red bar), the newly generated target value (the blue bar), and
the prediction error made in the estimation task (the green rectangle) were shown.

In the gradually changed block, the distribution of the target value was generated
from a Gaussian distribution whose mean changed every ten trials and whose SD was
fixed in the block. The mean was 25 (lasted for 20 trials), 30, 35, 30, 25, 20, 15, 20, and 25,
respectively. The SD was 1.7. Notably, the 1st trial to the 20th trial, the 31st trial to the 40th
trial, the 51st trial to the 60th trial, the 71st trial to the 80th trial, and the 91st trial to the
100th trial were randomly fluctuating trials in the gradually changed block. In other words,
the target value fluctuated without a specified trend. The 21st trial to the 30th trial and the
81st to the 90th trial were gradually increased trials, the target value showed a fluctuating
upward trend. The 41st trial to the 50th trial, the 61st trial to the 70th trial were gradually
decreased trials, the target value was downward fluctuated (shown in Table 1).

In the abruptly changed block, the target value was generated from a Gaussian distri-
bution whose mean changed every twenty trials while holding the SD constant in the block.
The mean was 25 (lasted for 30 trials), 35, 25, 15, and 25 (lasted for ten trials), respectively.
The SD was 1.7. The first trial of the new distribution was an abruptly changed trial. Thus,
the abruptly changed trials in the abruptly changed block were the 30th trial, the 50th trial,
the 70th trial, and the 90th trial (shown in Table 1). The rest of the trials were randomly
fluctuating trials. In the experiment, we referred to Gino et al. [13] research and set the target
value as a sequence of pseudo-random numbers to avoid a potential problem of change
mismatch. For example, in the gradually changed block, the latest target value was 22, which
was selected from N (25,1.7), and the new target value was 32, which was selected from N
(30,1.7). However, the gap between the two values was 10, which was an abrupt change for
participants. The advantage of this design is that the target value would not suddenly change
when sequential target values were covered by overlapping distributions.

The main difference between the gradually changed block and the abruptly changed
block was the switching speed of distributions. Take the 10th trial to the 30th trial as an
example; in the gradually changed block and the abruptly changed block, the mean of the
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distribution both began from 25 to 35. In the gradually changed block, as a new distribution
N (30,1.7) was inserted, the change in mean was relatively smooth (Figure 2). Hence, the
target value was gradually changed. However, in the abruptly changed block, the mean
jumped directly from 25 (in the 30th trial) to 35 (in the 31st trial) in a trial. In other words,
the blue bar was at 25 in the estimation task and jumped to 35 in the estimation feedback.
Therefore, the change in target value abruptly occurred. We predicted that participants
would be surprised when they encountered this abrupt change.
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Figure 2. A density plot for the previous distribution and the new distribution. Take the 30th trial as
an example. In the gradually changed block, the previous distribution N (30,1.7) (the green density
plot) and the new distribution N (35,1.7) (the blue density plot) were highly overlapped. Thus,
the change in the target value was relatively smooth. In the abruptly changed block, the previous
distribution N (25,1.7) (the pink density plot) and the new distribution N (35,1.7) (the blue density
plot) were slightly overlapped; thus, the change of the target value was abrupt and substantial.

The second task was an RT task which aimed to prove that participants were surprised
by the significant prediction error in abruptly changed trials. Previous research indicated
that RTs would be elevated when participants were surprised [16,25,27,40–42]. Thus,
significantly increased RTs could be used as evidence to prove that participants were
surprised in abruptly changed trials. In the RT task, participants were informed about
pressing the corresponding mouse button based on the letter printed on the green (0,255,0)
rectangle as quickly as possible. Before the RT task, a fixation display required participants
to focus on the center of the screen, which lasted for 500 ms. After the fixation display, a
green rectangle was printed on the center of the screen. We informed participants that the
width of the green rectangle was consistent with the latest prediction error. The larger the
prediction error, the wider the green rectangle. In the RT task, participants pressed the
corresponding mouse button based on the letter printed on the center of the green rectangle
as quickly as possible. If the letter was “L”, participants needed to press the left mouse
button, and if the letter was “R”, participants were required to press the right mouse button.
The probability of the two letters was coincidental. For participants, the main goal of the
RT task was to judge the letter in the green rectangle. Therefore, the task-relevant stimulus
in this task was the letter, and the width of the green rectangle was the task-irrelevant
stimulus. Previous research had observed that participants would be surprised when the
task-irrelevant stimulus unexpectedly changed [43,44]. The surprising change attracted
participants’ attention from the task-relevant stimulus to the task-irrelevant one, which
extended participants’ time to complete the prime task [44]. Therefore, we predicted that if
participants were surprised by a sudden increase in the width of the green rectangle, they
were likely to shift their attention from the letter in the center of the screen to the green
rectangle, which would prolong their reaction time in the RT task. Notably, the RT task in
the gradually changed block and the abruptly changed block were identical.

After the RT task, the estimation feedback was displayed. The feedback consisted of a
red bar that reflected the current estimation, a blue bar that reflected the new target value,
and a green rectangle that reflected the prediction error. Participants were informed to click
the “Next trial” button to start a new trial. In a new trial, the target value of the last trial
would appear again and be replaced by a new target value in the estimation feedback.
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4.4. Model and Measured Variables
4.4.1. Model and Measured Variables in the Estimation Task

In the RL model (Equations (1)–(3)), learning is typically driven by the absolute
prediction error [35,45]. The degree of learning is quantified by the learning rate [36,37]. A
significant learning rate indicates that people put more weight on the new information, i.e.,
be more susceptible to the new information [36,46]. However, a tiny learning rate suggests
that the impact of the new information is less significant [36,47]. Therefore, we used the
learning rate to quantify the effect of adjustments in target value on participants’ estimation.
If the learning rate increased, it indicated that participants were more affected by the new
change. If the learning rate decreased, it suggested that participants were more influenced
by the previous belief.

Predicition errort = Targett − Estimatet (1)

Updatet+1 = Estimatet+1 − Estimatet (2)

Updatet+1 = learning rate ∗ Prediction errort (3)

There are two important variables in the RL model which were measured in the
estimation task. The first variable was the prediction error which was the difference
between the target value and the participants’ reported estimation (Equation (1)) [48–51].

The second variable was the updated value which was the difference between the
latest estimation and the new estimation (Equation (2)).

In addition, we calculated participants learning rates by using the prediction error
and the updated value (Equation (3)). By comparing the learning rate in gradually changed
trials and abruptly changed trials, we could demonstrate participants’ different sensitivity
toward different changes.

4.4.2. Measure Variables in the RT Task

In the RT task, we recorded participants’ reaction time from seeing a letter on the center
of the screen to clicking the corresponding mouse button. The RTs were to be analyzed to
confirm that participants were surprised by large prediction errors.

4.5. Apparatus

All experiments were conducted using the computer software package Psychtoolbox 3
(PTB-3) in MATLAB 2017b [52,53]. Stimuli were presented on a 19.5-in LED monitor with a
solution of 1600 ∗ 900 pixels and a refresh rate of 75 Hz, which was attached to an (Intel Xeon)
personal computer (Lenovo, Beijing, China). Responses were recorded using a mouse.

5. Results

Before testing the hypotheses, we briefly summarized the variable we recorded in the
experiment. It included the variables measured in the estimation task (i.e., the prediction
error and the updated value) and the RT task (i.e., the RTs). First, the average prediction
error in gradually changed trials was 2.558, while it was 10.521 in abruptly changed trials. It
showed that participants were more likely to make large prediction errors when the target
value was abruptly changed (Table 2 and Figure 3). Second, the average updated value in
gradually changed trials and abruptly changed trials was 2.400 and 9.827, respectively. It
demonstrated that participants tended to significantly update their estimation when the
target value abruptly changed (Table 2 and Figure 3). Finally, the average RTs in gradually
changed trials was 0.85 which was obviously smaller than the RTs in abruptly changed
trials (1.105). It suggested that participants were more surprised by the prediction error
when the target value suddenly adjusted (Table 2 and Figure 3).
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Table 2. Descriptive statistics for variables in the experiment.

Prediction Error (sd) Updated Value (sd) RTs (sd)

randomly fluctuate in the gradual block 2.316 (1.636) 2.238 (1.709) 0.883 (0.403)
gradually change 2.558 (1.825) 2.400 (1.772) 0.85 (0.384)
randomly fluctuate in the abrupt block 1.985 (1.570) 1.935 (1.554) 0.855 (0.355)
abruptly change 10.521 (1.933) 9.827 (2.419) 1.105 (0.471)
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Hypothesis 1: The learning rate is relatively low when participants face a sequence
of gradual changes. However, the learning rate is high when participants encounter an
abrupt change.

We performed a mixed-linear regression to estimate participants’ learning rates under
different conditions. According to the RL model, the updated value is the difference
between the previous and new estimates. The prediction error is the discrepancy between
the new estimation and the new target value, and the coefficient of the prediction error is the
learning rate. To contrast the learning rate under different conditions, we set the updated
value as the dependent variable; the prediction error and the change mode (abruptly
change/randomly fluctuate in the abrupt block/gradually change/randomly fluctuate in
the gradual block (baseline)) as independent variables The model is:

update = β0 + β1 ∗ prediction error + β2 ∗ change mode + β3 ∗ prediction error ∗ change mode

The result demonstrated that participants’ average learning rate was 0.528 (β = 0.528,
p < 0.001 ***) when the target value randomly fluctuated in the gradually changed block.
When the target value gradually changed, the average learning rate increased by 0.005
(p = 0.748). However, this increase was not significant. Therefore, the average learning rate
in gradually changed trials was 0.528 as well. When the target value randomly fluctuated
in the abruptly changed block, the learning rate increased by 0.067 (β = 0.067, p < 0.001 ***).
Thus, the learning rate was 0.595. When the change abruptly occurred, the average learning
rate soared by 0.165 (β = 0.165, p < 0.001 ***) (See more details in Table 3). In other words, the
learning rate was 0.693 in abruptly changed trials. This result confirmed that participants’
learning rate increased when they encountered an abrupt change, and the learning rate
was relatively low when changes were gradually introduced.

Hypothesis 2: Participants’ learning rates are associated with their prediction errors.
Under the abruptly changed condition, the learning rates show a significant value jump due
to the large prediction error produced by the participants. In addition, the large prediction
error more likely occurs in abruptly changed trials.

We confirmed that participants could not detect the change when the prediction error
was tiny. Thus, the learning rate was low and participants would realize the change
occurred when the prediction error was large enough to trigger surprise, which resulted
in a soaring learning rate. Based on the cognitive-evolutionary model of surprise, we
proposed that the learning rate increased when the prediction error exceeded the threshold.
In other words, prediction error and updated value were nonlinearly related. Thus, we
could test two hypotheses in the following section: first, we confirmed that the relation
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between prediction error and update value was not linear; second, we used segmented
mixed models to estimate the location of the average breakpoint for all participants. We
expected the learning rate to increase when the prediction error exceeded the breakpoint
and decrease when the prediction error was below the breakpoint.

Table 3. The learning rate in the gradually changed block and the abruptly changed block: Results of
mixed-linear model.

β SE df t Value Pr (>|t|)

(Intercept) 1.017 0.047 250.1 21.742 <0.001 ***
prediction error 0.528 0.01 21,113.526 51.731 <0.001 ***
gradually change 0.022 0.045 21,089.861 0.48 0.631
randomly fluctuate in the abrupt block −0.261 0.036 21,096.218 −7.311 <0.001 ***
abruptly change 1.531 0.361 21,090.713 4.246 <0.001 ***
prediction error × gradually change 0.005 0.015 21,093.512 0.322 0.748
prediction error × randomly fluctuates in the abrupt block 0.067 0.013 21,102.968 5.06 <0.001 ***
prediction error × abruptly change 0.165 0.035 21,094.483 4.71 <0.001 ***

Note: *** p < 0.001.

To verify that the relationship between the updated value and prediction error was
not linear, we fitted a quadratic regression model, which is commonly used for detecting
nonlinear effects [54]. The model is

update = β0 + β1 ∗ prediction error + β2 ∗ prediction error2

As the result shown in Table 4. The coefficient of the quadratic term was 0.032 (p < 0.001).
It indicated that the updated value and prediction error had a nonlinear relationship.

Table 4. The result of quadratic regression model.

β SE df t Value Pr (>|t|)

(Intercept) 1.009 0.041 152.078 24.63 <0.001 ***
prediction error 0.405 0.011 21,112.450 38.38 <0.001 ***
prediction error2 0.032 0.001 21,102.695 29.39 <0.001 ***

Note: *** p < 0.001.

We expected that the learning rate in large prediction error trials and small prediction
error trials would be different. The learning rate increased when the prediction error was
above the breakpoint. To locate the breakpoint and estimate the learning rate above and be-
low the threshold, we conducted a segmented mixed model with random changepoints [55]
in R. The model is

update = β0 + β1 ∗ prediction error + δ ∗ (prediction error − ψ) + ε

The result was shown in Table 5. It indicated that the breakpoint is 5.337. When the
prediction error was above this value, the learning rate increased by 0.536.

Table 5. The result of the segmented mixed model.

β0 β1 δ Breakpoint

0.916 0.536 0.536 5.337

Moreover, we conducted a logistic regression to investigate the odds that prediction
errors were above the threshold under different conditions (Table 6). The result indicated
that participants tended to make significant prediction errors when the target value abruptly
changed (β = 7.999, p < 0.001 ***).
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Table 6. The result of logistic regression.

β SE z Value Pr (>|z|) Exp (β)

(Intercept) −3.459 0.104 −33.134 <0.001 *** 0.031
gradually change 0.575 0.088 6.524 <0.001 *** 1.777
randomly fluctuate in the abrupt block −0.361 0.087 −4.158 <0.001 *** 0.697
abruptly change 7.999 0.434 18.417 <0.001 *** 2976.766

Note: *** p < 0.001.

We proved that the learning rate was not a constant in this experiment. The learning
rate was relatively low when the prediction error was small and increased when the
prediction error exceeded the threshold (see Table 5 and Figure 4). The target value slightly
changed under gradually changing conditions (including randomly fluctuated trials in the
abruptly changed block and the gradually changed block). Therefore, participants could
make relatively accurate predictions after a period of learning. As a result, the probability
of making a significant prediction error was very low (see Table 6), which led to the learning
rate being small in gradually changed trials. However, when the target value abruptly
changed, it was very likely that participants made a significant prediction error (see Table 6)
which induced the surprise emotion and led to an increase in learning rate (see Table 5 and
Figure 4). This could explain why participants were more sensitive to abrupt changes.
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Hypothesis 3: Participants are surprised by the significant prediction error in abruptly
changed trials because RTs are elevated in these trials.

Before RT analysis, RT longer than 3 seconds was excluded. We conducted a mixed
linear model to confirm that RTs were elevated in abruptly changed trials. A significantly
elevated RT proved that participants were surprised by abrupt changes. RT was used as
the dependent variable, change mode (abruptly change/randomly fluctuate in the abrupt
block/gradually change/randomly fluctuate in the gradual block (baseline)) was used as
the independent variable, and participants were used as the random variable. The model is
as follows:

RTs = β0 + β1 ∗ change mode

The result was summarized in Table 7. It showed that abrupt changes significantly
prolonged participants’ RTs (β = 0.222, p < 0.001 ***), which indicated that participants were
surprised by abrupt changes. Hypothesis 3 was supported.
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Table 7. The result of the mixed linear model of RT.

β SE df t Value Pr ( > |t|)

(Intercept) 0.885 0.018 116.939 49.601 <0.001 ***
gradually change −0.034 0.007 20,900.043 −5.182 <0.001 ***
randomly fluctuate in the abrupt block −0.028 0.005 20,900.093 −5.261 <0.001 ***
abruptly change 0.221 0.017 20,900.295 13.041 <0.001 ***

Note: *** p < 0.001.

6. Discussion

Previous research indicated that participants were imperceptive to gradual changes
while perceptive to sudden and substantial changes [13–15]. This phenomenon was called
the frog-in-the-pan phenomenon (FIP). Based on the cognitive-evolutionary model of sur-
prise, we proposed that the gap between participants’ expectation and their observations
was large enough to trigger surprise emotion when the target value abruptly changed.
Therefore, participants were more sensitive to abrupt changes. To test our prediction,
we first compared participants’ learning rates when the target value progressively and
suddenly adjusted. The result suggested that participants’ learning rate soared by 0.165
when the target value suddenly changed and proved that the FIP phenomenon existed
in our research. Second, by conducting mixed segmented regression and logistic regres-
sion, we confirmed that the learning rate increased by 0.536 when the prediction error
was above 5.337 and large prediction errors tended to occur in abruptly changed trials
(exp(β) = 2976.766). Hence, learning rates were more likely to increase when the target
value suddenly adjusted. We conjectured that surprise led to an increase in learning rates
when the prediction error was significant. The cognitive-evolutionary model of surprise
could explain why participants are more likely to update their beliefs when the prediction
error is large [23]. This theory states that participants would be aware that their expec-
tations are significantly different from their observations and would update their beliefs
when they are surprised. For the previous belief to be invalid, people need to rely more
on the new information. As a result, participants’ learning rate is increased when the
prediction error is large. In a word, the theory suggests that surprise is the key to changing
participants’ sensitivity to the change in target value [23].

In addition, previous research showed that surprise accelerated the learning rate and
led participants to be more attentive to adjustments in target value. First, when the target
value abruptly changed, the prediction error immediately soared, which elicited partici-
pants’ surprise emotion and attracted more cognitive processing to it [56]. Thus, a higher
“weight” was put on the new information when participants made a recent estimation [57].
Second, people would exhibit surprise-driven learning when they were surprised. They
were more likely to believe that the context had been changed, and information obtained
before the surprise was no longer helpful in making predictions [17,33,58]. Therefore, peo-
ple would discard their prior beliefs and emphasize newly arriving information, which led
to participants being more sensitive to abrupt changes. We also find some neuro-image
evidence to support these abovementioned processes in the neuroscience field. Previous
research indicated that when people were surprised by the discrepancy between their
beliefs and newly acquired information, the right anterior insula would activate the central
executive network and deactivate the default mode network to initiate attentional control,
which resulted in more cognitive resources being allocated to process surprising events [58].
In addition, previous research indicated that signal change in the dorsal anterior cingulate
cortex (dACC) could predict the average learning rate across individuals [36]. dACC would
be significantly activated when it detected that the belief was no longer supported by evi-
dence from the environment [58–60]. As a result, people would have a higher learning rate
and give more weight to the new information [36]. These factors both drove overreaction
when the target value abruptly changed.

In this research, we observed that surprise emotion resulted in belief updating. How-
ever, it did not indicate that participants were bound to update their estimations when
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surprised. First, previous studies have found that the learning rate varied from person to
person. Some participants did not change their estimation even if the new outcome was far
different from their expectations [17], which was also discovered in our research. Second,
the surprising event that participants encountered in this study was informative. In other
words, the surprise was a signal to inform participants to update their estimation [61,62].
However, in the first abruptly changed trial, participants could not confirm whether the
surprise was informative or not. Hence a minority of them did not update their estimation
and stuck to their previous strategy. As they came to realize that the abrupt change was
informative, they tended to update their estimation. Some existing studies in cognitive
psychology have confirmed that people tend to stick to their previous estimation if a sur-
prise is uninformative. Under this circumstance, people felt surprised and prolonged their
RTs, but did not revise their beliefs. Besides, fMRI images showed that the learning-related
brain region did not strongly activate [61,62]. It indicated that neither participants changed
their estimations nor were sensitive to the surprise when it was uninformative.

Compared to previous research, we first provided a new explanation for the FIP
phenomenon from the perspective of surprise emotion. However, our research shared
many similarities with existing research on the FIP phenomenon. As we mentioned,
Offerman and his colleagues set the subsidy to gradually change and quickly change in
their public goods game to investigate the FIP phenomenon [15]. When the subsidy quickly
increased to 0.75 in a short period, participants’ contributions jumped by 2.86, while the
contributions increased by 0.73 when the subsidy progressively increased. It revealed that
participants were indeed more perceptive to sudden and substantial changes. In other
words, the FIP phenomenon exists in the public goods game. Notably, Offerman et al.
provided an explanation for the FIP phenomenon based on the “thinking cost”. They
believed that participants tended to adjust their strategy when they detected a change in
the environment. However, they did not elaborate on how people notice the situation
has changed. In this study, we proved that the large prediction error triggered surprise
emotion, people thus came to realize that the previous belief is invalid and updated their
belief. Surprise emotion was the key to making people aware that the environment has
changed significantly.

In this study, we observed participants’ reaction time was shorter when the target
value progressively adjusted, and the reaction time was longer when the target value
abruptly adjusted (mean 0.85 vs. 1.105). This result indicated that participants were
surprised when the target value suddenly changed. The cognitive-evolutionary model of
surprise proposed that surprising events attract attention and cognitive resources [23]. If
participants are surprised, they will allocate more attention and cognitive resources to the
surprising event [27]. When the prediction error unexpectedly increased, the attention and
the cognitive resources which had been assigned to the letter (“L” or “R”) were diverted
to processing the surprising prediction error. As a result, RTs were extended in abruptly
changed trials.

Yang also measured the reaction time when subjects received an abrupt change or a
series of gradual changes [19]. She found that participants’ reaction time was longer when
participants acquired a sequence of small changes while the reaction time was shorter when
they received a dramatic change (exp1: t(34.975) = 2.474, p = 0.018; exp2: t(40.128) = 2.493,
p = 0.017). At a first glance, the conclusion of this research seems contradictory to Yang.
However, in Yang’s research, the reaction time reflected how long participants took to make
a decision after receiving the information. The results showed that it was more difficult
for subjects to make decisions after a sequence of gradual changes because they did not
know whether the context had changed. And they could more easily make decisions after
a dramatic change as they noticed the change. In this study, the reaction time reflected how
long participants responded to the prediction error. We observed that reaction time was
prolonged when participants encountered a large prediction error. The large prediction
error triggered surprise emotion which implied the situation had changed, and the reaction
time was thus prolonged. In a word, even though reaction times in the two studies were
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obviously different, they both proved that participants detected the change in the context.
Therefore, the conclusions of the two studies were not contradictory.

In this study, we proposed that surprise emotion could explain the FIP in the financial
market and in daily life. In previous research, Choi and Hui proved that surprise could
explain the overreaction of investors in the stock market and they verified their hypothesis
by analyzing the data in the betting market [57]. They stated that a surprising event was
hard to comprehend which led people to put more weight on the unintended event. This
opinion was consistent with the explanatory difficulty hypotheses [63,64]. In future studies,
we will research how to use the explanatory difficulty hypothesis to explain the FIP as well.

In this research, we provide a new explanation for the frog-in-the-pan phenomenon.
We demonstrated that the difference in sensitivity towards gradual and abrupt changes
is due to the elicitation of surprise emotion rather than a lack of attention. Notably, our
explanation did not suggest that surprise emotion was the only factor that resulted in
different sensitivity toward different adjustments. Our explanation is more suitable for
circumstances that require people to form expectations. For example, we purchase milk
every day and form an expectation of its price through repeated purchases. When the milk
price changes gradually, people tend to be more insensitive to the new price and believe
that the milk price is steady. However, when the price changes abruptly, people realize that
the price has substantially changed. Nevertheless, overestimation and underestimation of
a price could have a different effect on the following decision, and we will investigate the
difference in future work.
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