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ABSTRACT

For much of the global population, climate change appears as a slow, gradual shift in daily weather. This leads many
to perceive its impacts as minor and results in apathy (the “boiling frog” effect). How can we convey the urgency of
the crisis when its impacts appear so subtle? Here, through a series of large-scale behavioral experiments, we
show that presenting people with binary climate data (e.g., lake freeze history) significantly heightens the perceived
impact of climate change compared to continuous data (e.g., mean temperature). Computational modeling and
follow-up experiments suggest that binary data elevates perceived impact because it creates an “illusion” of sudden
shifts. This effect is robustly confirmed through multiple replications and an experiment with real-world freeze and
temperature data. These findings provide a cognitive basis for the “boiling frog” effect and offer a novel approach
for policymakers and educators to better communicate the urgency of climate change.

Human-caused climate change is already resulting in significant social, economic, and ecological losses'. However,
these impacts are not felt uniformly across society. On the one hand, many regions are facing severe climate extremes
daily—such as intense flooding, rampant wildfires, and widespread droughts®>. On the other hand, a significant
portion of the global population is currently experiencing only slow and gradual changes due to climate change,

such as incrementally rising temperatures or sporadic climate-related disasters®”.

The apparent mundanity of these gradual changes is leading to perhaps one of the most troubling outcomes related
to climate change: growing indifference toward the crisis. Since most people’s climate change judgments are
significantly shaped by their personal experiences® 4, and because most local climates are becoming unstable only
at a gradual pace, societies are adjusting to worsening environmental conditions disturbingly fast®'>-!7. For instance,
a recent survey of Floridians found that many people were unable to detect five-year temperature increases, with
their risk perceptions more strongly influenced by personal beliefs and political affiliation than by actual temperature
changes'®. This widespread inability to perceive gradual climate trends is often referred to as the “boiling frog”
effect, and is giving a false sense of security to the public and lowering collective motivation to act'®?’.

The slow burn of climate change raises an important question: how can we convey the urgency of the climate crisis
when many of its effects seem so subtle and gradual? While the field has made significant strides in understanding
the causes and consequences of the “boiling frog” effect, finding ways to break through the indifference remains a
significant challenge.

>

In this article, we use a cognitive science lens to explore the psychological processes underlying the “boiling frog’
effect and understand how to counteract it. We conduct a systematic investigation using large-scale behavioral
experiments and computational modeling to explore how gradually changing climate data influences perceptions of
climate change and identify which data patterns can counteract this effect.

To preview our findings, using a pre-registered behavioral experiment (N = 799), we show that people perceive
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climate change as having a greater impact when presented with binary climate data (e.g., historical trend of lake
freeze) compared to continuous climate data (e.g., historical trend of mean winter temperature), even with matched
correlation levels. This finding is robust and reproducible, as confirmed by multiple replication studies. A follow-up
experiment (N = 398) reveals that binary data enhances perceived impact because it creates an “illusion” of sudden
changes, even when the underlying data shifts incrementally. To provide a cognitive basis for this illusion, we
employ computational modeling and show that gradual shifts in binary data are more likely to be perceived as rate
changes, while shifts in continuous data are attributed to variance. Finally, a follow-up experiment with real-world
lake freeze and temperature data (N = 247) shows that participants consistently perceive climate change as more
severe with lake freeze data than with temperature data.

Together, these results suggest that binary climate data can amplify the perceived impact of climate change, in part
by creating an illusion of sudden shifts, even when changes are gradual. These findings enhance our understanding
of the “boiling frog” effect and offer a novel approach to making the gradual effects of climate change more salient
to the public.

Results

Experiment 1: Climate change is more salient in binary climate data

To investigate how gradual changes can be made more salient, we conducted a large-scale, pre-registered behavioral
experiment (N = 799), examining how binary and continuous climate data influence people’s perception of climate
change. The pre-registration included the data collection protocol, stimuli, and the data analysis plan (https:
//osf.io/75mp8).

In the experiment, participants were first introduced to a fictional town called Townsville, known for its chilly winters
and ice-skating activities on the local lake during the holiday months. Participants were then randomly assigned to
one of two conditions: the “continuous” condition or the “binary” condition (see Methods for details).

In the “continuous” condition, participants viewed one of 18 graphs showing Townsville’s average winter temperature
history from 1939 to 2019. In the “binary” condition, they viewed one of 18 graphs depicting whether the lake froze
completely during the same period. Crucially, the graphs for both conditions were generated in pairs with matched
correlations, ranging from 0.1 to 0.7 (see Methods). Figure 1a shows an example of a matched correlation pair
(correlation = 0.47). After viewing the graphs, participants rated, on a scale of 1 — 10, their perceived impact of
climate change on the fictional town, the extent of change in the town’s temperature, and their perception of change
in the frequency of lake freeze.

Figure 1b plots the ratings of the participants in both conditions. We first found that the perceived impact of
climate change was significantly higher amongst participants in the “binary” condition (mean (M) = 7.5, s.d. =2.3)
compared to participants in the “continuous” condition (mean (M) = 6.6, s.d. =2.2; ¢(764) =5.52, p < 0.0001).
This result was consistently observed across graphs of all correlation levels (see SI for details). Additionally,
participants in the “binary” condition(M = 7.3, s.d. =2.1), who viewed the lake freeze graphs, counter-intuitively
perceived a stronger trend in increasing temperatures than those in the “continuous” condition, who viewed the
temperature graphs (M = 6.6, s.d. = 2.2;¢(764) = 4.48, p < 0.0001). Finally, participants in the “binary” condition
(M =17.5, s.d. =2.2) perceived the lake freeze frequency to have changed more significantly compared to those in
the “continuous” condition (M = 6.4, s.d. =2.3; 1(764) = 6.86, p < 0.0001).

To ensure the robustness of these effects, we conducted a replication study (N = 440) and found that the perceived
impact of climate change was again amplified in the “binary” condition compared to the “continuous” condition
(refer to SI). To rule out a potential confound that participants might be failing to identify the increasing trend in the
continuous data, we conducted a control experiment (N = 301) where the scatterplot of the continuous data also
included a trendline. Again, the perception of the impact of climate change was higher in the “binary” condition (see
SI for details).
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Figure 1. Binary data elevates perceived impact of climate change (a) Examples of graphs presented to participants in
Experiment 1, showing the “continuous” condition (left) and the “binary” condition (right). Both graphs have the same
correlation (= 0.47). (b) Participants in the “binary” condition rated the perceived impact of climate change, temperature
change, and freeze frequency change significantly higher than those in the “continuous” condition. The violin plots (colored
areas) are kernel density estimations; the means are indicated by black dots, and vertical lines represent standard errors.

The above findings highlight the core takeaway of this study — people’s perception of climate change impact is
significantly heightened when viewing binary data compared to continuous data. This effect extends to both concrete
changes (i.e., increasing winter temperatures) and less tangible climate change impacts.

Experiment 2: Binary data creates an illusion of a changepoint

What might be causing people to perceive a greater climate impact in binary data? Various explanations exist,
including reduced mental effort’! and increased emotional valence??, which we explore further in the Discussion.
In addition to these explanations, we propose that binary data may be further heightening perceptions of climate
change by creating an “illusion” of sudden shifts. This perceived abrupt change in binary data can make the impact
of climate events seem more pronounced.

Formally, a changepoint is defined as a point in a time series where there is a sudden shift in the parameters of the
data distribution, often marked by abrupt changes or jumps?®?*. In our experiments, both binary and continuous
data were generated with a constant rate of change, meaning there were no actual changepoints or sudden shifts (see
Methods). We hypothesized, however, that people might perceive the binary data as having sudden shifts, which
could influence their perception of climate change impact.

To test this, we conducted a pre-registered behavioral experiment (N = 398) to examine how people perceive
changepoints in binary and continuous climate data (pre-registration link: https://osf.io/2sxer). Similar
to Experiment 1, participants were introduced to a fictional winter town and randomly assigned to either the
“continuous” or “binary” condition (see Methods for details). In the “continuous” condition, participants viewed one
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Figure 2. Results of Experiment 2. (a) Proportion of participants who responded Yes, Not Sure, and No to the question of
whether a changepoint exists, shown for the “continuous” condition (top) and the “binary” condition (bottom). (b) Histograms
displaying the frequency with which each year was identified as a changepoint across the three different graphs used in the two
conditions. Participants had greater consensus regarding the changepoint locations in the “binary” condition. (¢) Violin plots
depicting participants’ ratings of climate change impact, separated by whether they identified a changepoint (Yes) versus those
who did not or were unsure (No + Unsure), across both continuous and binary conditions. Means are marked by black dots, and
vertical lines represent standard errors. The number of participants in each group is shown at the top of the plots.

of three graphs depicting the town’s average winter temperature. In the “binary” condition, they viewed one of three
graphs showing whether the lake froze completely over time. After viewing the graphs, participants first answered a
multiple-choice question on whether they observed a changepoint, defined as “any point which has a pronounced
deviation from the typical pattern of temperature/freeze data.” They then used a slider to select the year in which
they believed the data had undergone the most significant shift. Finally, participants rated their perceived impact
of climate change on the town, the extent of temperature change, and the frequency of lake freezing on a scale of
1—10.

Figure 2a shows the participants’ responses regarding whether they detected a changepoint in the data. Participants
in the “binary” condition (proportion = 0.73) were more likely to perceive a changepoint compared to those in the
‘continuous’ condition (proportion = 0.56), as confirmed by a two-sample Z-test of proportions (z = —3.47,p <
0.0001). Additionally, a higher proportion of participants did not perceive a changepoint in the “continuous”
condition (proportion = 0.15) compared to the “binary” condition (proportion = 0.07, z =2.53,p = 0.011). The
proportion of participants who were unsure about the existence of a changepoint was also higher in the “continuous”
condition (proportion = 0.29) than in the “binary” condition (proportion = 0.20, z = 2.05, p = 0.041).

Participants who viewed the binary data also exhibited greater consensus on the location of the changepoints.
Figure 2b shows how frequently each year was identified as a changepoint in the different graphs for the two
conditions. The distribution of perceived changepoint years in the “binary” condition had lower entropy (H = 3.15)
compared to the “continuous” condition (H = 3.56), indicating that responses in the “binary” condition were more
concentrated around specific years. A follow-up Levene’s test for equality of variances confirmed that the two
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samples had different variances, F(390) = 31.91, p < 0.0001, with the ratio of the empirical variances being 0.489.
This result suggests that there was greater agreement among participants regarding changepoint locations in the
“binary” condition.

Participants’ perception of changepoints also influenced their reported impact of climate change (Figure 2c).
Across both conditions, those who perceived a changepoint reported a higher impact of climate change (M = 7.65,
s.d. = 1.96) compared to those who did not perceive a changepoint or were unsure (M = 6.7, s.d. =2.1;1(390) = 4.4,
p < 0.0001). This effect was evident in both conditions: In the “continuous” condition, perceiving a changepoint
was associated with a higher reported impact (M = 7.21, s.d. = 2.0) compared to those who did not perceive a
changepoint or were unsure (M = 6.53, s.d. = 2.1;¢(183) = 2.24, p = 0.026). Similarly, in the “binary” condition,
those who perceived a changepoint reported a higher climate impact (M = 7.95, s.d. = 1.9) compared to those who
did not perceive a changepoint or were unsure (M = 6.95, s.d. =2.1;1(183) =2.2, p = 0.013).

These results suggest that when people perceive climate data as having undergone sudden shifts, then they are more
likely to perceive greater climate impact. Binary data, in particular, is more likely to create the impression of abrupt
changes, even when the underlying data shifts gradually. This tendency to perceive sudden shifts in binary data helps
explain why people may perceive a greater impact of climate change compared to continuous data.

Simulation 1: Simulating changepoint detection in binary and continuous data

Why do people perceive sudden shifts in gradual binary data? Here, we develop a Bayesian model of changepoint
detection and show that this optimal model is also prone to exhibiting this illusion. This is because gradual shifts in
binary data are often attributed to changes in the underlying data distribution, while similar shifts in continuous
data are attributed to the distribution’s variance. This suggests that the changepoint illusion is perhaps an inherent
property of gradual binary data.

An optimal Bayesian model of changepoint detection

Consider the task of identifying where a pattern changes in a sequence of events. In binary data (e.g., coin flips), a
shift might involve changing the probability of heads versus tails. In continuous data (e.g., temperature readings), it
could mean a change in the average temperature. Using Bayesian modeling, we estimate these shifts by calculating
the probability of a changepoint at each position.

Formally, let X be a series of observations of length N. The decision-maker’s objective is to identify changepoints,
where the statistical properties of the data alter. A changepoint & at position i indicates that the data before i follows
a distribution with parameters 6y, and the data after follows a different distribution with parameters 6,>>.

Given the observed data X, the probability of a changepoint at i i.e., P(6 = i|X), can be computed using Bayes’
rule:

P(8 =iX) < P(X|6 =i)P(6 =i), (1

where P(X|0 = i) is the likelihood of the data given a changepoint at index i, and P(6 = i) is the prior probability
of a changepoint at index i before observing the data. Equation 1 allows the decision-maker to update their belief
about the presence of a changepoint by considering both the evidence from the data and any prior assumptions about
where changepoints might occur.

In the simplest case, the decision-maker a priori assumes that each point in time is equally likely to be a changepoint
and uses a uniform prior for P(d =i). The likelihood P(X|8 = i) depends on assumptions about the data’s underlying
distribution.

For binary data, we assume a Bernoulli distribution, modeling outcomes with two possible values, such as success or
failure. We further assume that each observation is independent and identically distributed (i.i.d.) within segments.
If there is a changepoint at i, then {xj,...,x;} are sampled from a Bernoulli distribution with parameter 6;, and
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Figure 3. Simulation results. An illustration of how gradual changes are perceived as sudden changes in binary data. The top
panel shows the changepoint probability output of the Bayesian model for various correlation levels in temperature data. In
most graphs, there is a somewhat uniform distribution of changepoint probabilities, with no specific concentration at any point.
In contrast, the bottom panel shows that binary data results in more pronounced peaks in the changepoint probability
distribution, particularly as correlation increases. Note that these are example illustrations and do not represent all graphs used
in the simulation experiment.

{Xit1,-..,xn} are sampled from a Bernoulli distribution with parameter 6,. Using Equation 1, the probability for a
changepoint at i in the binary setting can be calculated as follows:

i N
P(8 =i[X) < P(8 =i)- []P(x|61)- [] P(x:62), 2)
t=1 t

=it1

where [T'_; P(x;|61) is the likelihood of the data {x1,...,x;} being generated from a Bernoulli distribution with
parameter 6, and H?’:i +1P(x/]6,) is the likelihood of the data {x;;i,...,xy} being generated from a different
Bernoulli distribution with parameter 6.

For continuous data, we assume a Normal distribution, which is suitable for modeling continuously varying data
like temperature readings. If a changepoint is present at i, the data before the changepoint is modeled by a Normal
distribution with mean y; and variance 62, and the data after i follows a Normal distribution with a different mean
> and the same variance 6. The probability for a changepoint is calculated as follows:

P(8 =iX) o< P(6 =1i) [T}, (xt—unz) N 1

1 . _(Jfr—lvlz)2 3
Vaner XP\ ™ a7 ) Mimint g ¥R~ 707 ) 3)

Equations 2 and 3 enable us to calculate the probability of a changepoint at any point i for both binary and continuous
settings (refer to the SI for detailed derivations and final equations).

Explaining the illusion of changepoints in binary data

To simulate changepoint detection in binary and continuous data, we first generated 30 pairs of gradually changing
time series data (both binary and continuous) across various matched correlation levels, ranging from 0.1 to 0.7. We
then computed the changepoint probability for the different points in the data (using Equations 2 and 3).

Similar to the results of Experiment 2, we found that the entropy of the changepoint probability distributions for
the binary time series (mean Entropy = 2.9, s.d. = 0.8) was lower compared to the entropy of the changepoint
probability distributions for the continuous time series (mean Entropy = 3.3, s.d. = 0.5; #(58) = —2.79, p = 0.01).
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Figure 4. Results of Experiment 3 with real-world temperature and freeze data. Violin plots display participants’ ratings
of climate change impact, temperature change, and freeze frequency change for the two conditions. Means are indicated by
black dots, and vertical lines represent standard errors. Participants in the “binary” condition again rated the impact of climate
change higher compared to the “continuous” condition.

That is, similar to the human participants, the Bayesian model is also more likely to detect changepoints in binary
data, as evidenced by higher probabilities and sharper peaks at specific points, alongside generally lower entropy.
As an illustration, Figure 3 plots the changepoint probability output of the Bayesian model for different binary
and continuous graphs across various correlation levels. The changepoint probability distribution exhibits more
pronounced peaks in binary data, and the model is more likely to detect changepoints in binary data, particularly as
correlation increases.

One key reason why the probability of changepoints is lower in continuous data is that gradual shifts are often
“absorbed” by the variance of the normal distribution. To further investigate this, we conducted an additional
simulation where we fitted the continuous data using a normal distribution with a variance significantly smaller
than the true variance of the data (we used 6% = 1, which is 2.6 times lower than the true variance). Here, the
model became more sensitive to subtle changes and resulted in a more peaked posterior distribution of changepoint
locations (refer to SI for details). This suggests that the apparent changepoints in binary data may be an inherent
feature of binary patterns, whereas continuous data, with its implicit variance, naturally smoothes out gradual
changes.

Experiment 3: The binary climate effect extends to real-world climate data

So far, to study people’s perception of climate change in binary and continuous data, we have used simulated data in
our experiments. To increase the ecological validity of our findings, we next conducted a replication of Experiment 1
with real-world lake freeze and temperature data.

We first gathered time series data on lake freeze and mean winter temperature for five intermittently-freezing lakes
that are at high risk of ice loss. To identify these lakes, we selected the five lakes with the strongest correlations in
lake freeze over time from a global database of intermittently freezing lakes?®2’. We then extracted historical mean
winter temperatures for these lakes from the Berkeley Earth gridded temperature database”®, matching each lake’s
latitude and longitude coordinates with the corresponding temperature grid box (see Methods).

Participants (N = 247) then took part in an experiment similar to Experiment 1. In the “binary” condition, participants
viewed one of the five graphs depicting lake freeze history, while in the “continuous” condition, they saw one of the
five graphs showing winter temperature history. Unlike Experiment 1, where participants were informed that the
data came from a fictional town, this time, they received contextual information about the actual lake, including its
location and recreational activities offered in the lake (e.g., ice skating, ice fishing, or boating).
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As shown in Figure 4, the perceived impact of climate change was significantly higher amongst participants in the
“binary” condition (mean (M) = 7.76, s.d. = 2.0) compared to participants in the “continuous” condition (M = 6.71,
s.d. =2.3; 1(233) = 3.76,p < 0.0001). Further, there was a significant difference in the perception of change
in temperature between participants in the “binary” condition(M = 8.0, s.d. = 1.8) and “continuous” condition
(M = 6.6, s.d. =2.2;1(233) =5.36,p < 0.0001). Similarly, participants in the “binary” condition (M = 8.0, s.d.
= 1.9) perceived the lake freeze frequency to have changed more significantly compared to those in the “continuous”
condition (M = 6.3, s.d. = 1.7; t(233) = 6.28, p < 0.0001). These results extend our findings to real-world lake
freeze and temperature data, orienting our findings toward practical climate communication applications. We also
refer the readers to the SI for a replication of this experiment.

Discussion

For a long time, many scientists, including the authors of this study, held onto the hope that when the impacts of
climate change became undeniable, people and governments would finally act decisively’. Perhaps a devastating
hurricane, heat wave, or flood—or even a cascade of disasters—would make the severity of the problem impossible
to ignore, spurring large-scale action. Yet, our response continues to resemble the fate of the proverbial boiling
frog, failing to notice the creeping danger until it’s too late!®. The most unsettling possibility is that we might
continue sleepwalking into disaster; the atmosphere will keep growing unstable, but not dramatically or fast enough
to command sustained attention, allowing climate change to be treated as a gradual background noise.

Here, through multiple behavioral studies, we demonstrate that presenting climate data in binary terms can make
the impacts of climate change more salient compared to continuous data. Gradual shifts in binary data often create
the perception of sudden changes, amplifying the perceived impact. While our study shows how progress can be
made in enhancing the salience of climate change—an essential first step toward more meaningful engagement and
response—future work should investigate how this work can be extended to drive concrete action.

There are immediate practical applications to these findings, particularly in the design and visualization of climate
data. An extensive body of research has studied the cognitive processes underlying effective visualizations>’—3?
and highlighted the importance of effective climate data visuals**~*%. Our study contributes to this literature by
emphasizing the value of binary climate graphs and suggesting key research directions for improving climate
communication.

Beyond its practical implications, our work also makes significant theoretical contributions, particularly in under-
standing how people reason about change. Detecting and responding to changes is crucial for decision-making, and
psychologists have extensively studied how people identify changes in data patterns and when they tend to underreact
or overreact’*3°3_ These studies typically involve detecting changes in non-stationary environments—where data
suddenly shifts from one distribution to another. In contrast, our study examined data that gradually shifted over
time without sudden changes. In doing so, we uncovered a novel bias: people perceive sudden shifts in gradual
binary data more readily than in continuous data. This phenomenon is somewhat analogous to the “hot hand” fallacy,
where people tend to see patterns in random sequences**. However, unlike the “hot hand” studies, which explore
perceptions of randomness*>#°, our study used clear, gradually increasing patterns and still found that people
perceived abrupt changes in binary data. By focusing on how people interpret slowly changing data and identifying
key biases in these patterns, our study enhances the understanding of change detection and response, complementing
prior research focused on more abrupt or dramatic changes.

While our study primarily focused on how perceptions of changepoints might amplify the perceived impacts
of climate change in binary data, it’s important to recognize that there are several other factors that could be
contributing to this heightened perception. One reason may be that binary data graphs require less mental effort and
are computationally easier to parse due to fewer value comparisons>'>*’=°. Another possibility is that lake freeze
graphs might elicit stronger emotional responses than temperature graphs (e.g., people might relate more to the
consequences of decreased freeze, such as fewer opportunities for ice-skating). This is consistent with research
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showing that emotional valence affects climate judgments®>>'=>3 as well as perceptions of changes and tipping

points>*3>, To investigate this further, we conducted an additional experiment (N = 200; see SI for details) where
we varied the emotional valence of binary graphs by using high valence (“Froze” vs. “Did not Freeze”) versus low
emotional labels (“Above 29° F” versus “Below 29° F”) for the same binary data. We found that valence partially
explains our results when trends were unclear. However, when trends were more evident, participants exposed to
both high and low valence graphs perceived climate change impacts similarly. This suggests that, in cases of clear
trends, the illusion of changepoints may play a more prominent role in driving the amplified perception of climate
change.

One reason why perceiving changepoints in binary data might enhance the perception of climate change is that
these changepoints can signal a tipping point, leading people to believe that significant changes have occurred>*°.
Additionally, recent research shows that people have a “binary bias”, where they tend to categorize continuous
data into binary terms, which then biases their decision-making®’->%. Our study contributes to this literature by
documenting a specific bias within the context of binary data perception.

While our study focused on how different formats of climate data affect perceptions of climate change impacts, it is
also crucial to examine how people respond to these changes over time. A significant barrier to climate action is that
people tend to rapidly adapt and habituate to worsening environmental conditions>% . This tendency to adjust to
new “normals,” whether positive or negative, is a pervasive aspect of human behavior®!-%%. Future research should
explore how sensitivity to persistent environmental changes evolves and whether binary data patterns could help
mitigate such adaptation. For instance, would people be less likely to become accustomed to a lake that has abruptly
stopped freezing or a town that has suddenly become much hotter?

Another limitation of our study is that participants observed the data in a single sitting and processed it retrospec-
tively. In real-world settings, people experience climate change not only retrospectively (e.g., via graphs or media
communications) but also through their direct, lived experiences, encountering data incrementally over time rather
than all at once. Future research should investigate climate change perception when data is presented sequentially, as
this approach could more accurately reflect how individuals encounter and process climate information in their daily
lives.

Combating climate change apathy is a vital step towards slowing the progression of warming. We posit that building
a comprehensive understanding of how people reason about change is key to overcoming this apathy. Given that
climate impacts are often non-linear and threshold-bound®*%*, we need more strategic communication. Rather than
warning the frog that the water is warming gradually, we should define a clear threshold for unacceptable conditions.
It’s a straightforward binary variable.

Methods

Generation of binary and continuous climate data
For our experiments, we generated paired time series with 80 data points each across a correlation range of 0.1 to
0.7. Each pair included a binary and a continuous time series with matched correlations.

To generate the binary data with the desired correlation, we employed an iterative algorithm that adjusted the slope
and intercept of a linear model until the correlation fell within the specified range. The slope was determined
through a linear search, and the y-intercept was set so that the probability of freezing was 0.5 at the midpoint of
the time series, ensuring a smooth, gradual change in probability over time (refer to the SI for the algorithm’s
pseudo-code).

For each binary time series, we generated the corresponding continuous data by applying a linear transformation to
exactly match the correlation level (refer to SI for details). The transformed continuous data was then adjusted to
match the mean and variance of winter temperatures from the Berkeley Earth dataset®® for 31 intermittently freezing
lakes?®. All experiment stimuli and the code to generate them are publicly available here: https://github.c
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Experiment 1

For the experiment, we first generated 18 paired time series across the correlation range of (0.1 —0.7) for a total of
36 time series. We then recruited 799 US-based participants from the online research platform Prolific and paid them
US$0.40 for participation (our study took approximately 2 minutes to complete). All experiments were approved by
Princeton’s Institutional Review Board. For this and the following experiments, informed consent was obtained
from all participants before the experiments began.

Following the pre-registered exclusion criteria, we removed participants who did not pass a simple attention check
question or those who viewed the graphs for less than two seconds. This led to the exclusion of 33 participants,
leaving a final sample of 766 participants (N = 379 in the “continuous” condition and N = 387 in the “binary”
condition). Code for reproducing the results of all experiments is available here: https://github.com/gra
liuce/climate_change_detection/tree/main

Participants were randomly assigned to either the “continuous” or “binary” condition. In the “continuous” condition,
they viewed one of 18 continuous graphs, randomly sampled, with the y-axis labeled as mean winter temperature
and the x-axis representing years (1939 —2019). In the “binary” condition, participants saw one of 18 binary graphs,
randomly sampled, with the y-axis indicating whether the lake froze and the x-axis showing years (1939 —2019).
After viewing the graphs, participants in both conditions were asked to provide, on a scale of 1 — 10, their subjective
rating in response to the following questions:

1. In your view, how much do you think Townsville has been affected by climate change? (where 1 indicates
“not affected at all” and 10 indicates “extremely affected”).

2. In your view, how much do you think the temperature of Townsville has changed in the last 50 years? (where
1 indicates “remained the same” and 10 indicates “changed a lot”).

3. In your view, how much do you think the frequency at which the lake freezes has changed in Townsville in the
last 50 years? (where 1 indicates “remained the same” and 10 indicates “changed a lot”).

Question 1 measured perceptions of the overall impact of climate change, while Questions 2 and 3 evaluated
perceptions of changes in temperature and lake freezing frequency.

Experiment 2

For the experiment, we generated 3 pairs of time series, totaling 6 time series. Each pair covered a distinct correlation
range: one with low correlation (0.1-0.3), one with medium correlation (0.3-0.5), and one with high correlation
(0.5-0.7). We then recruited 398 US-based participants from the online research platform Prolific, paying US$0.40
for participation (the study took approximately 2 minutes to complete). Following our pre-registered exclusion
criteria, we removed participants who failed a simple attention check or viewed the graphs for less than two seconds,
resulting in the exclusion of 8§ participants. This left a final sample of 392 participants (N = 185 in the “continuous”
condition and N = 207 in the “binary” condition).

Participants then took part in an Experiment similar to Experiment 1, with two additional questions. First, after
viewing the “binary” or “continuous” graph, participants were asked whether they observed a changepoint, choosing
from “Yes,” “No,” or “Not sure.” A changepoint was defined as “a point showing a pronounced deviation from the
typical pattern of temperature or freeze data.” Second, after answering this question, participants were then asked to
use a slider to indicate the year where they noticed the most pronounced shift from the typical pattern.

Simulation 1

For the simulation, we generated 30 pairs of time series data across the correlation range [0.1,0.7], with 5 pairs per
interval of 0.1 correlation increase, for a total of 60 time series. We then used our model to compute the changepoint
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probability for each point in every time series and evaluated changepoint detection performance between continuous
and binary data.

Experiment 3

We recruited 247 US-based participants from the online research platform Prolific, paying US$0.40 for participation
(the study took approximately 2 minutes to complete). We removed participants who failed a simple attention check
or viewed the graphs for less than two seconds, resulting in the exclusion of 12 participants. This left a final sample
of 235 participants (N = 119 in the “continuous” condition and N = 116 in the “binary” condition).

This experiment aimed to replicate Experiment 1 using real-world lake freeze and temperature data. We first obtained
publicly available ice-on and ice-off records for 31 intermittently freezing lakes across the Northern Hemisphere?®,
including freeze records for Lake Vattern from the NSIDC Global Lake and River Ice Phenology Database®’. We
then filtered the data to include only lakes with more than five no-freeze years in the 20th century, leaving 20 lakes.
From these, for our experiment, we selected the five lakes with the highest correlations in freeze trends over time.
Historical mean winter temperatures (December, January, February) for these lakes were extracted from the Berkeley
Earth gridded temperature database®®, matched to the lakes’ latitude and longitude coordinates.

Participants took part in a similar experiment to Experiment 1 but were given additional information about the lake

relevant to the stimulus, including details about the location and recreational activities offered in the lake.

Data Availability

Anonymized participant data for all our experiments is available at: https://github.com/graliuce/cl
imate_change_detection/

Code Availability

The code to run the analyses and reproduce the figures is available on GitHub: https://github.com/grali
uce/climate_change_detection/

Acknowledgements

The authors thank Dhara Yu, Gabe Vecchi, Michael Ross, Rahul Bhui, and Zack Dulberg for helpful comments and
discussions. This work was supported by funds from the NOMIS foundation.

References

1. Lee, H. et al. IPCC, 2023: Climate Change 2023: Synthesis Report, Summary for Policymakers. Contribution
of Working Groups I, II and III to the Sixth Assessment Report of the Intergovernmental Panel on Climate
Change [Core Writing Team, H. Lee and J. Romero (eds.)]. IPCC, Geneva, Switzerland. (2023).

2. Mirza, M. M. Q. Climate change, flooding in south asia and implications. Reg. environmental change 11,
95-107 (2011).

3. Jones, M. W. et al. Climate change increases the risk of wildfires: January 2020. ScienceBrief (2020).

4. Lane, M. E., Kirshen, P. H. & Vogel, R. M. Indicators of impacts of global climate change on us water resources.
J. Water Resour. Plan. Manag. 125, 194-204 (1999).

5. Hatfield, J. L. et al. Indicators of climate change in agricultural systems. Clim. Chang. 163, 1719-1732 (2020).

6. Egan, P. J. & Mullin, M. Recent improvement and projected worsening of weather in the united states. Nature
532, 357-360 (2016).

7. Hansen, J., Sato, M., Glascoe, J. & Ruedy, R. A common-sense climate index: Is climate changing noticeably?
Proc. Natl. Acad. Sci. 95, 4113-4120 (1998).

11/14


https://github.com/graliuce/climate_change_detection/
https://github.com/graliuce/climate_change_detection/
https://github.com/graliuce/climate_change_detection/
https://github.com/graliuce/climate_change_detection/
https://github.com/graliuce/climate_change_detection/
https://github.com/graliuce/climate_change_detection/

10.

11.

12.

13.

14.

15.
16.

17.

18.

19.

20.

21.

22.

23.

24,
25.
26.

27.

28.

. Li, Y., Johnson, E. J. & Zaval, L. Local warming: Daily temperature change influences belief in global warming.

Psychol. science 22, 454-459 (2011).

. Egan, P. J. & Mullin, M. Turning personal experience into political attitudes: The effect of local weather on

americans’ perceptions about global warming. The J. Polit. 74, 796-809 (2012).

Zaval, L., Keenan, E. A., Johnson, E. J. & Weber, E. U. How warm days increase belief in global warming. Nat.
Clim. Chang. 4, 143147 (2014).

Broomell, S. B., Winkles, J.-F. & Kane, P. B. The perception of daily temperatures as evidence of global
warming. Weather. Clim. Soc. 9, 563-574 (2017).

Howe, P. D., Marlon, J. R., Mildenberger, M. & Shield, B. S. How will climate change shape climate opinion?
Environ. Res. Lett. 14, 113001 (2019).

Hazlett, C. & Mildenberger, M. Wildfire exposure increases pro-environment voting within democratic but not
republican areas. Am. Polit. Sci. Rev. 114, 1359-1365 (2020).

Luo, Y. & Zhao, J. Attentional and perceptual biases of climate change. Curr. Opin. Behav. Sci. 42, 22-26
(2021).

Rocklov, J. Misconceptions of global catastrophe. Nature 532, 317-318 (2016).

Howe, P. D. Extreme weather experience and climate change opinion. Curr. Opin. Behav. Sci. 42, 127-131
(2021).

Wappenhans, T., Valentim, A., Kliiver, H. & Stoetzer, L. F. Extreme weather events do not increase political
parties’ environmental attention. Nat. Clim. Chang. 1-4 (2024).

Marlon, J. R. et al. Detecting local environmental change: The role of experience in shaping risk judgments
about global warming. J. Risk Res. 22, 936-950 (2019).

Moore, F. C., Obradovich, N., Lehner, F. & Baylis, P. Rapidly declining remarkability of temperature anomalies
may obscure public perception of climate change. Proc. Natl. Acad. Sci. 116, 4905-4910 (2019).

Sharpe, S. Telling the boiling frog what he needs to know: why climate change risks should be plotted as
probability over time. Geosci. Commun. 2, 95-100 (2019).

Ajani, K. et al. Declutter and focus: Empirically evaluating design guidelines for effective data communication.
IEEE Transactions on Vis. Comput. Graph. 28, 3351-3364 (2021).

Feldman, L. & Hart, P. S. Is there any hope? how climate change news imagery and text influence audience
emotions and support for climate mitigation policies. Risk Analysis 38, 585-602 (2018).

Reeves, J., Chen, J., Wang, X. L., Lund, R. & Lu, Q. Q. A review and comparison of changepoint detection
techniques for climate data. J. applied meteorology climatology 46, 900-915 (2007).

Brown, S. D. & Steyvers, M. Detecting and predicting changes. Cogn. psychology 58, 49-67 (2009).
Adams, R. P. & MacKay, D. J. Bayesian online changepoint detection. arXiv preprint arXiv:0710.3742 (2007).

Sharma, S., Blagrave, K., Filazzola, A., Imrit, M. & Hendricks Franssen, H.-J. Patterns of ice cover for 31 lakes
in the northern hemisphere. (2020).

Benson, B., Magnuson, J. & Sharma, S. Global lake and river ice phenology database, version 1. Data Set
(2000).

Rohde, R. A. & Hausfather, Z. The berkeley earth land/ocean temperature record. Earth Syst. Sci. Data 12,
3469-3479 (2020).

12/14



29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

45.

46.

47.

Cleveland, W. S. & McGill, R. Graphical perception: Theory, experimentation, and application to the develop-
ment of graphical methods. J. Am. statistical association 79, 531-554 (1984).

Shah, P. & Carpenter, P. A. Conceptual limitations in comprehending line graphs. J. Exp. Psychol. Gen. 124, 43
(1995).

Carpenter, P. A. & Shah, P. A model of the perceptual and conceptual processes in graph comprehension. J.
experimental psychology: applied 4,75 (1998).

Hegarty, M. The cognitive science of visual-spatial displays: Implications for design. Top. cognitive science 3,
446-474 (2011).

McMabhon, R., Stauffacher, M. & Knutti, R. The unseen uncertainties in climate change: reviewing comprehen-
sion of an ipcc scenario graph. Clim. change 133, 141-154 (2015).

Harold, J., Lorenzoni, 1., Shipley, T. F. & Coventry, K. R. Cognitive and psychological science insights to
improve climate change data visualization. Nat. Clim. Chang. 6, 1080-1089 (2016).

Newell, R., Dale, A. & Winters, C. A picture is worth a thousand data points: Exploring visualizations as tools
for connecting the public to climate change research. Cogent Soc. Sci. 2, 1201885 (2016).

Wardekker, A. & Lorenz, S. The visual framing of climate change impacts and adaptation in the ipcc assessment
reports. Clim. Chang. 156, 273-292 (2019).

Harold, J., Lorenzoni, 1., Shipley, T. F. & Coventry, K. R. Communication of ipcc visuals: Ipcc authors’ views
and assessments of visual complexity. Clim. Chang. 158, 255-270 (2020).

B

Li, N. & Molder, A. L. Can scientists use simple infographics to convince? effects of the “flatten the curve’
charts on perceptions of and behavioral intentions toward social distancing measures during the covid-19
pandemic. Public Underst. Sci. 30, 898-912 (2021).

Chinnis Jr, J. O. & Peterson, C. R. Nonstationary processes and conservative inference. J. Exp. Psychol. 84,
248 (1970).

Theios, J., Brelsford, J. W. & Ryan, P. Detection of change in nonstationary binary sequences. Percept. &
Psychophys. 9, 489-492 (1971).

Barry, D. M. & Pitz, G. F. Detection of change in nonstationary, random sequences. Organ. Behav. Hum.
Perform. 24, 111-125 (1979).

Massey, C. & Wu, G. Detecting regime shifts: The causes of under-and overreaction. Manag. Sci. 51, 932-947
(2005).

Kremer, M., Moritz, B. & Siemsen, E. Demand forecasting behavior: System neglect and change detection.
Manag. Sci. 57, 1827-1843 (2011).

Gilovich, T., Vallone, R. & Tversky, A. The hot hand in basketball: On the misperception of random sequences.
Cogn. psychology 17, 295-314 (1985).

Zhao, J., Hahn, U. & Osherson, D. Perception and identification of random events. J. Exp. Psychol. Hum.
Percept. Perform. 40, 1358 (2014).

Yu, R. Q., Osherson, D. & Zhao, J. Alternation blindness in the representation of binary sequences. J. Exp.
Psychol. Hum. Percept. Perform. 44,493 (2018).

Lee, M. D. & Vickers, D. Psychological approaches to data visualisation. (1998).

13/14



48.

49.

50.

51.

52.

53.

54.

5S.

56.
57.

58.

59.

60.

61.

62.

63.

64.

Lee, M. D., Butavicius, M. A. & Reilly, R. E. Visualizations of binary data: A comparative evaluation. Int. J.
Human-Computer Stud. 59, 569—602 (2003).

Shah, P., Freedman, E. G. & Vekiri, I. The comprehension of quantitative information in graphical displays.
The Camb. handbook visuospatial thinking 426—476 (2005).

Franconeri, S. L., Padilla, L. M., Shah, P., Zacks, J. M. & Hullman, J. The science of visual data communication:
What works. Psychol. Sci. public interest 22, 110-161 (2021).

Leviston, Z., Price, J. & Bishop, B. Imagining climate change: The role of implicit associations and affective
psychological distancing in climate change responses. Eur. J. Soc. Psychol. 44, 441-454 (2014).

Wong-Parodi, G. & Feygina, I. Engaging people on climate change: The role of emotional responses. Environ.
Commun. 15, 571-593 (2021).

Dubey, R., Hardy, M. D., Griffiths, T. L. & Bhui, R. Al-generated visuals of car-free US cities help improve
support for sustainable policies. Nat. Sustain. 7, 399-403 (2024).

O’Brien, E. & Klein, N. The tipping point of perceived change: Asymmetric thresholds in diagnosing
improvement versus decline. J. personality social psychology 112, 161 (2017).

O’Brien, E. When small signs of change add up: The psychology of tipping points. Curr. Dir. Psychol. Sci. 29,
55-62 (2020).

Lamberson, P., Page, S. E. et al. Tipping points. Q. J. Polit. Sci. 7, 175-208 (2012).

Fisher, M. & Keil, F. C. The binary bias: A systematic distortion in the integration of information. Psychol. Sci.
29, 18461858 (2018).

Fisher, M., Newman, G. E. & Dhar, R. Seeing stars: How the binary bias distorts the interpretation of customer
ratings. J. Consumer Res. 45, 471-489 (2018).

Pauly, D. et al. Anecdotes and the shifting baseline syndrome of fisheries. Trends ecology evolution 10, 430
(1995).

Papworth, S. K., Rist, J., Coad, L. & Milner-Gulland, E. J. Evidence for shifting baseline syndrome in
conservation. Conserv. letters 2, 93—100 (2009).

Frederick, S. & Loewenstein, G. 16 hedonic adaptation. D. Kahneman ED, N. Schwarz., Ed. Well-Being
Foundations Hedonic Psychol. 302-329 (1999).

Dubey, R., Griffiths, T. L. & Dayan, P. The pursuit of happiness: A reinforcement learning perspective on
habituation and comparisons. PLoS computational biology 18, €1010316 (2022).

Burkett, V. R. ef al. Nonlinear dynamics in ecosystem response to climatic change: case studies and policy
implications. Ecol. complexity 2, 357-394 (2005).

Schlenker, W. & Roberts, M. J. Nonlinear temperature effects indicate severe damages to us crop yields under
climate change. Proc. Natl. Acad. sciences 106, 15594—-15598 (2009).

14/14



	References

