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ABSTRACT
This research focuses on two main questions: how do people perceive climate
change at the local scale, and how do local climate conditions relate to beliefs about
global warming? To investigate these questions, the research conducts three studies of
data from representative national and cross-national surveys in combination with local
climate data. An additional outcome of the research is a novel methodology for characterizing spatial climate data within political units that accounts for the uneven spatial
distribution of population. The first study examines perceptions of local temperature
change using nationally representative survey data from 89 countries. The second study
explores perceptions of seasonal temperature and precipitation in a representative sample
of U.S. residents. The third study analyzes beliefs about global warming among representative samples of residents of 27 European Union member states. The results of these
studies provide new evidence that individuals are capable of perceiving local climate
change over time, as represented by changes in average temperature and precipitation. In
addition, the research provides evidence that cognitive biases are likely to influence both
local and global climate change perceptions. These biases include relying too heavily on
recent information (recency) and making intuitive judgments based on easily accessible
pre-existing beliefs (motivated reasoning and attribute substitution). The main findings of
this research show that public perceptions are responding to changes in local climate
consistent with global warming. Global warming will increasingly expose human populations around the world to extreme weather events that fall outside the range of recent
experience, and this research suggests that the public is likely to become more engaged
with the issue as they continue to experience the evidence of a warming climate.
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1. INTRODUCTION
1.1 Extreme weather and climate change
I write this introduction as the U.S. experiences its hottest 12-month period on record (NCDC 2012a). During each of the past 12 months, from June 2011 to June 2012,
national average temperatures were in the top third in the historical record since 1895.
Spring 2012 delivered unprecedented heat in the Midwest and East, with March alone
breaking 15,272 high temperature records—often by double digits (NCDC 2012b). The
U.S. is also setting worldwide temperature records: the nighttime low temperature in
Death Valley, California dropped to only 41.7 ºC (107 ºF) on July 20, 2012 following a
high of 53.3 ºC (128 ºF) the previous day, marking the highest 24-hour temperature ever
recorded (Masters 2012). The abnormally hot weather has coincided with increased
media attention to global warming and climate change (Boykoff 2012), and a focus on
the possibility of attributing extreme weather events to global warming (e.g. Gillis 2012;
Hickman 2012). Although it is not possible to directly attribute single events to long-term
changes like global warming, a warming climate does increase the probability of experiencing events like extreme heat waves (Rahmstorf and Coumou 2011; Peterson et al.
2012; Trenberth 2012). For individuals, the experience of abnormal events, like the
recent heat waves in the U.S., can serve as evidence that local climates are changing.
Even though the number of high temperature records continues to outpace the
number of low temperature records (Meehl et al. 2009), people will also undoubtedly
experience periods of extremely cold weather even as the world warms. This fact presents
challenges for climate change communication when extreme events are perceived to be
inconsistent with messages about global warming. If local extreme heat can serve as
evidence for global warming, then extreme cold can also serve as evidence against global
warming. Indeed, there is ample anecdotal evidence that unusual weather events are cited
in political discourse as evidence for or against the existence of global warming. The
2009–10 winter snowstorms in the northeastern U.S., termed the “snowpocalypse,” were
claimed by climate change skeptics to be tangible evidence that refuted scientific projections of climate change (Broder 2010). Similarly, the heat wave and wildfires in western

1

Russia during July and August of 2010 were cited by climate change advocacy groups as
manifestations of climate change (Gillis 2010).
While extreme weather is being cited as confirmatory evidence for existing attitudes about climate change, there is little existing research on the causal relationship
between experienced climate conditions and beliefs about climate change. Survey evidence in the U.S. does suggest that public opinion can be swayed by extreme events on
each end of spectrum. Following the extreme winter of 2009–10, 51 (± 3) percent of the
U.S. public agreed with the statement “[t]he record snowstorms this winter in the eastern
United States make me question whether global warming is occurring” (Leiserowitz et al.
2010). Subsequently, in March 2012, 72 (± 3) percent of the U.S. public agreed that
global warming exacerbated the extremely mild winter of 2011–12 (Leiserowitz et al.
2012a). The studies in this dissertation provide new evidence for relationships among the
experience of unusual climate conditions, perceptions about climate change at the local
scale, and beliefs about climate change at the global scale.

1.2 Theoretical framework: Bayesian learning about climate change
A challenge for learning about climate change is that humans cannot directly perceive long-term climate. Instead, we can only experience short-term moments of weather
and continually reconstruct our perception of climate by synthesizing our memories of
past weather (Hulme et al. 2009; Hulme 2009). Because climate change is a long-term,
slow-developing, and spatially heterogeneous phenomenon, people making decisions to
respond to climate change must frequently base their risk evaluations on descriptive
information about the risk, rather than their firsthand experience (Weber 2006). Shortterm climate is subject to multiple influences beyond the anthropogenic forcing that
drives global warming, such as quasi-periodic seasonal and interannual climate variations
like El Niño, and myriad other short-term phenomena that make local weather an essentially stochastic phenomenon. Therefore, from a rational perspective, the current state of
the local climate can be viewed as a highly imprecise piece of information about the
certainty and severity of global warming. However, with sufficient experience and an
accurate recollection of past climate conditions, it should be possible for individuals to
detect changes in local climate. Indeed, as described in Chapter 2, individuals in many
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communities around the world are capable of perceiving and responding to local changes
in climate.
In this section, I briefly introduce a theoretical model for the detection of local climate change. This model is derived from Bayesian updating, a concept that explains the
integration of new information into existing beliefs. It relies on the assumption that the
probability of a certain short-term climate state reflects long-term climate trends. Although the Bayesian perspective assumes rationality, the cognitive biases inherent in
human information processing are not necessarily inconsistent with the Bayesian perspective (Viscusi 1985; Viscusi and Zeckhauser 2006). A model for the perception of local
climate change based on Bayesian updating provides a basis for evaluating real-world
data on individual perceptions. Such Bayesian models have been used in several previous
case studies on adaptive learning of climate forecast information (Lybbert et al. 2007;
Maddison 2007).
The Bayesian model for local climate change perception describes how rational
agents with a prior probability belief about whether their local climate has changed from
a previous normal period would update that belief in the face of new climate information:
namely, the most recent states of the climate that they have experienced. For example,
assume a certain unit of time, t, for which we characterize information about the climate,
such as a month. For every time t, we are able to observe whether a particular climate
indicator—for instance, mean temperature—is above or below its long-term average for
that period, or its anomaly at time t. Based on past climate records, it is possible to
estimate a probability distribution for these temperature anomalies. From this probability
distribution, it is then possible to calculate the probability of experiencing time t’s
temperature anomaly, given the set of previous temperature anomalies. Due to the
stochastic nature of the climate, a positive shift in mean temperatures can drastically
increase the probability of extreme short-term conditions (Figure 1.1). Likewise, the
experience of repeated extreme conditions can serve as information about a shift in the
underlying probability distribution, as can be seen in existing temperature records (Figure 1.2). A metaphor for this increase in the frequency of extreme events describes
climate change as “loading the dice” for extreme weather (Hansen et al. 2012).
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Figure 1.1: Graphic illustrating changes in the probabilities of extreme weather under shifting
climate distributions (Source: UCAR 2011).
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Figure 1.2: Probability distributions of mean February temperature in New York City for the 19511980 period and the 1981-2010 period, illustrating a positive shift in mean temperatures. Data source: NOAA GHCNv3 (Menne and Williams 2009).

Based on information about climate conditions in a particular place over time, it is
possible to use Bayes’ Theorem to estimate how well the current period’s climate state
fits within the probability distribution of past climate conditions. In the case of evaluating
the likelihood of local warming, the process involves estimating the probability that the
4

mean of the probability distribution has increased above a previously established mean.
Within the previous example, this equates to the probability that the temperature anomaly
at time t +1 will be greater than zero. If the temperature anomaly is not very likely within
the prior probability distribution—if it is much above zero, for example—then that
information serves as evidence for updating the posterior probability that the mean of the
local temperature distribution has shifted in a positive direction. The use of Bayes Theorem to update climate change perceptions can be expressed as follows:

Pr 𝑤𝑎𝑟𝑚𝑖𝑛𝑔 𝑎𝑛𝑜𝑚! =   

Pr 𝑤𝑎𝑟𝑚𝑖𝑛𝑔 ∗ Pr 𝑎𝑛𝑜𝑚! 𝑤𝑎𝑟𝑚𝑖𝑛𝑔
Pr 𝑎𝑛𝑜𝑚! 𝑤𝑎𝑟𝑚𝑖𝑛𝑔 ∗ Pr 𝑤𝑎𝑟𝑚𝑖𝑛𝑔 + Pr 𝑎𝑛𝑜𝑚! ~𝑤𝑎𝑟𝑚𝑖𝑛𝑔 ∗ (1 − Pr 𝑤𝑎𝑟𝑚𝑖𝑛𝑔 )

In Bayesian terms, Pr(warming) is the prior probability belief that the climate
anomaly at time t+1 will be positive, and Pr(warming|anomt) is the posterior probability
belief that the anomaly at time t+1 will be positive, given the anomaly at time t.
Pr(anomt|warming) is the conditional probability of an anomaly at time t at least as
extreme as the current anomaly given a positive shift in the probability distribution
(warming). Likewise, Pr(anomt ~ warming) is the conditional probability of the anomaly
at time t given no shift in the probability distribution (no warming).
For example, consider a hypothetical climate in which there is a 5% probability of a
monthly temperature anomaly of greater than +3 ºC. Under a revised distribution to
account for a long-term mean warming of 2 ºC, the probability of a +3 ºC anomaly would
have increased to 15%. The experience of such a positive temperature anomaly should
then serve as prior information for an individual to update her estimate of the probability
of local climate change.
Based on the above expression, Pr(anomt|warming) / Pr(anomt ~ warming) is the
likelihood ratio that represents how much more likely the current anomaly is given a
warmer climate (a positive shift in the probability distribution) than in a cooler climate
(no shift in the probability distribution). Continuing with the previous example, temperature anomalies of 3 ºC are 2.7 times more likely with an average warming of 2 ºC. If
Pr(warming) for an individual is 75 percent, then the experience of a climate state that is
2.7 times more likely given global warming would theoretically prompt her to revise her
prior belief upward to Pr(warming|anomt) = 90 percent. Conversely, if the current
5

climate state were less likely under global warming, then Bayes’ Rule would predict that
the individual would be less likely to believe that climate change is affecting her.
Several traits about climate change perceptions can be derived using this simple
model. First, perceptions of change are sensitive to the extremes of current conditions.
Using the above example, a temperature anomaly of 6 ºC is 12 times more likely under a
warmer climate, and an anomaly of 9 ºC is 55 times more likely. This pattern illustrates
one of the key risks associated with climate change: a small increase in the mean exponentially increases the likelihood of extreme events at the tails of the distribution. The
experience of these extremely unlikely events serves as evidence for a shift in mean of
the distribution. Second, the perception of climate change is dependent on the probability
distribution for past climate to which current conditions can be compared (Hulme et al.
2009). If the probability distribution is based on a short or non-representative period, then
a changing distribution may not be reliably detected. Third, a shift in the variance of the
distribution or a misperception of the original variance of the distribution make detecting
change much more difficult. If the variance of the distribution is increasing, more extreme positive and negative conditions become more likely even if the mean of the
distribution is also increasing. Thus, the perception of climate change is highly dependent
on both the memory and experience of the individual and the characteristics of the local
climate.
The mechanisms by which people incorporate probabilistic climate information into their beliefs and behavior have not been extensively researched in the literature on
perceptions of climate change. However, the predictions of such a Bayesian learning
model suggest that current climate conditions, when coupled with memory of prior
climate conditions, can serve as a source of information for people to form beliefs about
whether their local climate is changing. Therefore, a primary goal of this dissertation is to
evaluate these predictions by studying the perceptions and experience of people experiencing real-world climate change.

1.3 Rationale
Society faces major long-term, slow-developing hazards that will likely require
substantial mitigation and adaptation efforts. By their nature, long-term, slow-developing
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hazards like drought or climate change cannot be experienced in the same way as shortterm, fast-onset hazards like hurricanes or floods. They must be experienced bit-by-bit,
with local manifestations that are often difficult to directly attribute to the long-term
hazard. This dissertation addresses the role that these experiences play in shaping attitudes about the long-term hazard of climate change.
Personal experience and perceptions are an important influence on responses to a
wide range of risks, including health risks, economic risks, and environmental risks. For
instance, research on the human dimensions of natural hazards suggests that personal
experience leads to enhanced risk perceptions and levels of preparedness (Kates 1971;
Burton et al. 1978; Mileti 1980). More recently, experience has been named explicitly as
a factor in climate change risk perceptions and adaptation intentions (Grothmann and Patt
2005). However, the process by which people develop the perception that they have
personally experienced climate change is not well understood. Climate change is a
complex phenomenon with a range of first-order and second-order effects that may not be
easily observed or attributed to climate change. Local deviations in temperature and
precipitation are first-order effects that are directly observable to people. However, local
weather is susceptible to myriad influences that can obscure the climate change signal on
the short time scales that define people’s experience. Because personal experience has
been shown to be a strong mediator of risk-protective behavior, it is worthwhile to
understand how people construct their personal experiences of climate change, especially
for those people who contribute most to the causes of climate change and for those who
live in regions that will face the most serious impacts. If extreme weather is attributed to
climate change, then continued exposure to extreme weather may precipitate riskprotective behavior in the form of mitigation and adaptation. This dissertation contributes
to a deeper understanding of the process by which local climate influences personal
experience, perceptions about local climate change, and behavior to respond to global
climate change (Figure 1.3).
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Figure 1.3: Process model of the influences on perceptions of local climate change. The gray box
represents the cognitive process of experiencing and remembering local climate conditions
and using those experiences to construct perceptions of local climate change and associated
risk perceptions, which may influence adaptation and mitigation behavior. Dotted lines indicate relationships that may be influenced by attribute substitution due to beliefs about global
climate change. Diagram based on Taylor et al. (1988) and Grothmann and Patt (2005).

Climate change is well-suited for the study of perception and response to long-term
environmental hazards for several reasons. 1) Climate change is a worldwide phenomenon with consequences for most of humanity, and it is likely to be the preeminent
environmental threat to society over the next century. 2) An effective societal response to
climate change requires a wide range of mitigation and adaptation behaviors by individuals and institutions. 3) Data about the current impacts of climate change are available
from a dense network of climate stations and satellite measurements across most of the
globe. 4) The direct impacts of climate change, in the form of altered probability distributions of temperature and precipitation, are spread heterogeneously across regions. The
spatiotemporal variability of climate makes this research possible by providing the
appropriate stimuli for a natural experiment with which to test the hypotheses of a
relationship between the experience of climate variability and beliefs about local and
global climate change (Carbone et al. 2006; Dunning 2008; Robinson et al. 2009)

1.4 Research design and outline
This dissertation concentrates on two main themes: climate change perception at
the local scale, and the interaction of local climate change experience with perceptions
and beliefs about global warming. To address these themes, I analyze data from large
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national and cross-national surveys integrated with local climate data using a novel
modeling methodology. These studies focus on fundamental questions such as the extent
to which individuals detect local climate change over time in the form of changes in
average temperature and precipitation. In addition, the research examines hypotheses that
intuitive cognitive biases, namely attribute substitution and motivated reasoning, can
influence both local and global climate change perceptions.
Chapter 2 contains a review of previous research on climate change perceptions and
beliefs discusses research from various fields including geography, anthropology, psychology, and sociology that provides evidence that individuals and communities are
capable of perceiving and adapting to climate variability and change. Research discussed
in this chapter has also found that perceptions and judgments about climate change are
subject to the cognitive biases inherent in human information processing. These biases
may be one explanation for why perceptions of climate change do not perfectly correspond with recorded climate data. For example, the role of cognitive biases suggests that
perceptions of climate change may be influenced by more conspicuous climate characteristics, by more recent climate conditions instead of past conditions, and by the climate
conditions that are most salient for people’s livelihoods. The evidence reviewed in this
chapter also describes how the local climate conditions that people experience may affect
individual judgments and beliefs about the broader phenomenon of global warming.
Chapter 3 introduces a modeling methodology to estimate the exposure of local
populations to changing climate indicators. To understand the relationship between local
climate conditions and perceptions of climate change, it is first necessary to describe the
local climate conditions that people have experienced in local places. The procedure in
this chapter integrates spatial climate data with spatial population data to estimate the
exposure of populations within a defined region to climate indicators over time. This
model provides population-representative climate data for the later studies in this dissertation. As a proof-of-concept, the chapter provides example results that quantify several
characteristics of the range of climate conditions to which national subsets of the global
population have been exposed.
The study described in Chapter 4 applies the results of the populationrepresentative climate model in an analysis of the perceptions of local temperature
9

change among residents of 89 countries around the world. This study uses a set of survey
data from over 91,000 respondents, and demonstrates that public perceptions of local
temperature change do reflect the changes measured in climate records. The study also
examines how the perception of local temperature change may be biased depending on
the season in which people are interviewed, with people asked during the summer or the
local warm season more likely to report long-term local warming. This finding is consistent with predictions that the attribute substitution heuristic influences perceptions of
climate change. The results of this chapter provide evidence that as global warming
continues, changes in local temperatures are likely to be increasingly detected by local
populations around the world.
The next study, described in Chapter 5, is a detailed analysis of the perceptions of
seasonal climate among a representative sample of U.S. residents. The analysis compares
the perceptions of two seasons in the U.S. that delivered contrasting extremes in temperature and precipitation to a large proportion of the population. This study uses a novel
methodology to connect georeferenced survey respondents with the fine-scale local
climate conditions to which they were exposed. The results of the study show that spatial
patterns of local climate perceptions are consistent with the hypothesis that perceptions
derive from local climate conditions. In addition, the results provide evidence for distortions in local climate perceptions consistent with the cognitive biases of recency and
motivated reasoning driven by pre-existing beliefs about global warming.
Finally, the study in Chapter 6 examines a hypothesized relationship between recent local climate conditions and beliefs about global warming. Since global climate
change is a complex problem that is largely removed from daily life, it is conceivable that
people rely on more immediate sources of information to make evaluations of complex
problems like climate change. This hypothesis is consistent with the attribute substitution
heuristic. One such immediate source of information that may influence beliefs about
global warming is recent local climate conditions. The study described in this chapter
investigates the relationship between recent local climate conditions and global warming
beliefs using a large set of survey respondents in the European Union. The findings show
that beliefs about climate change can be influenced by immediate local climate experience in the form of monthly deviations from normal in local temperature. These results
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are supported by an analysis of the spatial distribution of global warming beliefs within
and between countries in comparison to the spatial pattern of recent temperature anomalies. In addition, an analysis using multilevel models shows that the departure from
normal of local temperatures over the previous month has a significant effect on beliefs
that climate change has become more or less of a problem at the national level.

1.5 Conclusions
This chapter introduced the concept of local climate change perception, contending
that personal experience can inform perceptions about local climate change. This argument was based on a theoretical framework derived from Bayesian learning that formally
demonstrated that experience with current climate conditions, when coupled with accurate memories of past conditions, can be used to update expectations for future states of
the climate and thereby act as a practical source of information about local climate
change. This dissertation examines whether such learning by experience occurs in the
context of the change and variability in local climate in a real-world context. Even though
the experience of conditions like the hottest 12-month period in U.S. history serves as
powerful evidence for a warming climate, even in a warmer world there will continue to
be cold winters that might cause people to reevaluate whether the climate is warming.
This dissertation therefore addresses the critical question of whether people can detect the
signal of climate change amid the variability of their everyday experience with local
climate and weather conditions.
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2. REVIEW: THE PERCEPTION OF CLIMATE CHANGE
2.1 Introduction
This chapter will review research on human perception of local weather and climate
and the formation of beliefs and attitudes about global climate change. The perception of
climate change is directly related to the perception of weather, a process that engages all
five human senses. We feel air warmed by the sun, see storm clouds on the horizon, hear
raindrops on the roof, smell the air after a summer shower, and taste the results of a good
season’s harvest. Climate, however, is in many respects a statistical phenomenon, an
aggregation of weather over time,1 and is thus not directly perceptible (Hulme et al.
2009). With sufficient accumulated experience with the weather in a particular place,
however, it is possible to create practical expectations for what the weather is likely to be
during different times of year. This process of acquiring usable weather knowledge,
which I broadly term the perception of climate, invariably involves both aggregating
descriptive information, such as climate records and secondhand accounts, and personal
experience, such as individual memories of past weather, in order to form future expectations. Likewise, the detection of a change in climate involves comparing experiences to
expectations and noticing a discrepancy between the two. To detect a change in climate,
individuals must therefore have a prior expectation against which they may compare new
weather information. How do humans construct such expectations of climate? What types
of weather information are considered noticeably different from past climate? I begin this
chapter by outlining research from a variety of disciplines that describes ways that we
perceive the weather, acquire local climate knowledge, and share that knowledge with
others. This background provides context for the study in Chapter 4 that examines global
perceptions of long-term climate change, and the study in Chapter 5 that examines
Americans’ perceptions of recent seasonal climate.
Subsequently in this chapter, I describe existing research on how local climate
change experience and perceptions might influence beliefs and risk perceptions about
global warming. This research forms the basis for the study in Chapter 6, which examines

1

“Climate is what you expect; weather is what you get,” attributed to various authors including Mark
Twain and Robert Heinlein (UCAR 2012).
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the relationship between immediate experience with local climate conditions and beliefs
about global warming.
This chapter can be divided into two broad threads of research based on this distinction. The first thread, which includes sections 2.2 through 2.4, is focused on
perceptions of local climate and climate change. The second thread, which includes
sections 2.5 and 2.6, focuses on beliefs, attitudes, and risk perceptions surrounding global
warming1. Section 2.7 brings the two threads together, discussing studies that have
examined the intersection of personal experience with beliefs and attitudes about global
warming.

2.2 Local and traditional climate knowledge
An 1895 study by the psychologist James McKeen Cattell asked university students
about the weather seven days previously, a day when it had snowed but cleared up later
in the day. Only 7 of the 56 participants remembered that it had snowed, prompting him
to comment, “It seems that an average man with a moderate time for reflection cannot
state much better what the weather was a week ago than what it will be a week hence”
(Cattell 1895). Despite Cattell’s assertion, as I describe in this section, a broad collection
of research from a variety of places around the world has found that people are indeed
able to accurately remember weather events. In fact, research has found that these memories are essential to the formation of accurate understandings of local climate, climate
variability, and climate change without the aid of modern scientific infrastructure. Much
of this research has been carried out as a part of studies on the complexity of traditional
or indigenous knowledge systems.
Traditional or indigenous knowledge refers to place-specific information that is
part of local cultures in communities that have a long history of association with their
local environment. It “tends to be the result of cumulative experience and observation,
tested in the context of everyday life, and devolved by oral communication and repetitive
1

In this dissertation I refer to perceptions of local climate and climate change as they relate to experienced
physical phenomena as opposed to the broad scale issues of global warming or global climate change. I
emphasize the distinction between the perception of local climate change as a phenomenon and the
perception of global climate change as an issue. While there has been extensive research in both concepts,
such research often uses similar terminology that makes it difficult to separate the two ideas. I use the
terms beliefs, attitudes, and public opinion to refer to judgments about global climate change as an issue,
and perceptions to refer to judgments about local climate change as an experienced phenomenon.
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engagement rather than through formal instruction” (Orlove et al. 2010, 244). There has
been extensive research on indigenous environmental knowledge associated with the
viewpoints, experiences, and practices of residents in diverse local communities. Much of
this research centers on ecological and agricultural knowledge rather than knowledge
about climate and weather. However, a growing body of research in the fields of ethnometeorology and ethnoclimatology has begun to document cases of indigenous
knowledge related to climate and weather (Orlove et al. 2000). Such research has found
that communities often include climate as part of their worldview and as a component of
their attachment to place (Leduc 2007; Green et al. 2010; Rudiak-Gould 2012). Indigenous climate knowledge preserves and transmits memories of past extreme events and
successful adaptation strategies, although such intergenerational knowledge transfers may
be increasingly threatened (Dube and Sekhwele 2008; Ifejika Speranza et al. 2010). A
characteristic example of the complexity of local climate knowledge is found in a study
of the weather language used by residents of the Southern Highlands Province of Papua
New Guinea (Sillitoe 1994). Even in this part of tropical Papua New Guinea, where
weather stations record conditions that are measurably constant throughout the year, local
residents recognize two distinct climatic seasons based on observations of changes in
plant phenology and animal behavior (Sillitoe 1994).
Ethnometeorological research typically examines local indicators used for weather
and climate forecasting and the role of climate knowledge in agricultural practices
(Roncoli 2006). Agriculture is tightly coupled to the climate of a particular region, and
traditional agricultural practices have adapted to cope with place-specific seasonal and
interannual climatic variability based on local climate perceptions and knowledge. An
important finding of ethnometeorological research is that while aspects of weather and
climate are quite place-dependent, certain commonalities emerge across communities and
cultures in how humans conceptualize their local climate. Namely, seasons seem to be an
important construct for recalling past weather and for forecasting future weather. For
example, an analysis of 28 languages across the world found that nearly all divide the
year into at least two seasons that tend to be characterized by differing place-based
climatic, ecological, or hydrological conditions (Orlove 2003).
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There has also been increasing attention to understanding local perceptions of climate, climate variability, and climate change as a source of knowledge that can augment
scientific climate information (e.g. Huntington et al. 2004). Local climate knowledge
may additionally be a key determinant of adaptive capacity to future climate change,
particularly in agricultural communities (Adger et al. 2007; Tschakert 2007). Many case
studies that have examined place-based individual climate perceptions concern possible
factors—environmental, economic, and cognitive—that might influence adaptation
behavior, particularly among farmers. As Smit et al. (1996) write,
Little is known about the climatic conditions (or combination of
conditions) which prompt changes in the ongoing nature and management
of agricultural systems (as opposed to crop yields). Conditions other than
seasonal heat and moisture may be important, such as frost severity and
timing, frequency and return period of dry spells, moisture accumulation,
or isolated events such as hail or severe wind. The magnitude and frequency of extreme climatic events are increasingly recognized as relevant
… but little is known about the properties of extremes and variations
which prompt changes in human systems. Does a single drought year generate the same response as two or three drought years? Does the return
period influence adaptations to such conditions? There is a need to better
understand the responses of agricultural systems to climatic variations, including identifying (rather than assuming) the climatic attributes to which
farmers are sensitive and adapt (Smit et al. 1996, 11).
Previous research indicates that decision-making among farmers is related to how
they perceive their environment, with climate perceptions forming a key part of adaptation behavior (e.g. Saarinen and Sell 1980; Taylor et al. 1988; Diggs 1991). However, the
characteristics of climate change and variability that individuals are able to perceive and
respond to are notably place-dependent, and seemingly influenced by both local climatic
attributes and social, cultural, and economic context of the community. Overall, though,
an extensive body of case-study research indicates that individuals are capable of perceiving and adapting to local changes in climate without the use of modern methods of
meteorological data collection and analysis. Local climate knowledge can be obtained
through personal weather experience, plant and animal phenology, astronomical observations, or observations of landscape change. It is then transmitted through, for example,
narratives, proverbs, and agricultural practices (Green and Raygorodetsky 2010).
Through these methods, individuals can form archetypes for local climate—including the
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ability to forecast local climate variability—and notice their disruption. Existing casestudy research indicates that both changes in precipitation, temperature, winds, and other
meteorological variables tend to be salient and perceptible indicators of seasonal and
interannual climate variability and change. However, as described below, the relative
prominence of different variables tends to depend on the characteristics of both the longterm climate in which individuals reside and the variables that are most salient for local
livelihoods.
In this section I provide brief examples from a range of case studies that illustrate
this spectrum of local climate change detection. To emphasize commonalities in climate
perceptions among individuals located in similar climates, the following studies are
grouped broadly by the climate zone in which they are located according to the main
groups of the Köppen-Geiger climate classification system.
2.2.1

Tropical climates
Tropical climates (Köppen Group A) are found in low latitudes, generally between

15º N and 15º C, where solar radiation is high throughout the year. These climates have
consistently high temperatures, and major seasonal variation comes in fluctuations in
precipitation amount and frequency due to the movement of the intertropical convergence
zone (ITCZ). For many residents of the tropics, the most salient aspect of climate change
is not temperature, which has relatively low intra-annual variability, but precipitation,
which varies substantially between seasons (Hartter et al. 2012). As shown below, studies
in Central and South America, Central Africa, Southeast Asia, and the South Pacific have
shown that residents of these regions are relatively sensitive to changes in seasonal
rainfall.
Projections from global and regional climate models indicate that changes in the
amount and timing of precipitation in the tropics are likely in the 21st century. Whether
these changes involve increases or decreases in overall precipitation from 20th century
norms is place-dependent. Likely increases in mean annual precipitation are forecast in
tropical and East Africa, the Northern Pacific, and the northern Indian Ocean, while
likely decreases in mean annual precipitation are forecast in Central America
(Christensen et al. 2007). There is pronounced uncertainty in the direction of precipitation
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change in other parts of the tropics and subtropics, for example in West Africa. When it
comes to perceptions of change in rainfall, some authors have asserted that the timing and
duration of precipitation, rather than total accumulation, may be the most salient indicators of change that are observable at the local level (Roncoli 2006; Sánchez-Cortés and
Chavero 2011). Regardless, changes in the amount and timing of precipitation will have
substantial impacts on agriculture, industry, livelihoods, human health, and ecosystems in
the tropics (McCarthy et al. 2007). The following case studies provide examples of how
selected populations perceive and respond to climate change in tropical zones.
2.2.1.1 Latin America & the Caribbean
An early study examined farmers perceptions and memory of rainfall variability in
Oaxaca, Mexico (Kirkby 1974). Among surveyed farmers, the amount of rainfall during
the previous year was recalled regardless of whether it was a wet or dry year. Farmers
tended to recall the most recent wet year, but the most recent wet year seemed to overshadow and obstruct memory of preceding wet years. When interviewed after a year with
abnormally high rainfall, participants were less likely to recall any other years with high
rainfall (Kirkby 1974). As shown consistently in subsequent research, this study illustrates the strong influence of recent weather events on perceptions of climate and
weather.
In a more recent study in Mexico, of Zoque indigenous smallholder farmers in
Chiapas, residents reported decreases in precipitation and increases in temperature that
they observed through changes in maize phenology and the ability to grow new heattolerant crops (Sánchez-Cortés and Chavero 2011). Possibly due to their location in the
tropical climate zone, the Zoque “differentiate types of rainfall in different seasons and
their observations are more focused on rainfall duration rather than quantity in order to
orientate their daily and agricultural activities” (Sánchez-Cortés and Chavero 2011, 375).
The local seasonal calendar is closely tied to agriculture and factors that relate to agriculture-dominated climate change perceptions. For example, the 1982 eruption of the nearby
El Chichón volcano affected maize production and was seen as driver of local climate
change. The eruption also served as a reference point for memories of past climate. When
asked how the current climate compared to what they remembered when they were 15
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years old, the plurality of sampled residents perceived a decrease in rainfall duration and
amounts, less cold weather during the cool season, warmer weather during the warm
season, and less predictable rainfall due to changes in wind patterns. The trends in
precipitation observed by respondents were consistent with observations from nearby
climate stations. Residents attributed these long-term changes to various factors, including decreases in forested land cover and the El Chichón eruption, rather than global
warming. Residents’ detection of changes involved comparisons between the traditional
seasonal calendar and the current climate. Biological indicators, already used to predict
the weather for agricultural purposes, also serve as a reference for long-term climate
change. For example, the absence of certain bird species associated with planting and
harvest times was cited as evidence of climate change. Local residents had recently begun
to grow specific plants traditionally associated with warmer regions, such as squash,
bananas, and oranges, which was also cited as evidence of rising temperatures (SánchezCortés and Chavero 2011).
A study of the local climate knowledge and forecasting of communities in the Brazilian Amazon assessed farmers’ ability to recall particularly dry or wet years (Moran et
al. 2006). Regional precipitation is heavily dependent on the El Niño–Southern Oscillation (ENSO), with significantly less rainfall during El Niño years. In general, farmers
were able to accurately recall El Niño years, with the most recent severe drought, associated with the 1997-1998 El Niño, being remembered most frequently. However, recent
conditions may have obscured some memories of past drought. When interviewed in
2001 and 2002 many participants were unable to recall any periods of drought, possibly
because the previous two years had unusually high rainfall associated with La Niña
conditions (Moran et al. 2006).
A 2008 survey of farmers in Jamaica found that concerns about increasing drought
frequency were associated with negative precipitation trends from satellite observations
(Gamble et al. 2010). The majority of participants reported long-term changes in local
weather patterns, and results indicated that the farmers’ perceptions of drought were
framed both by decreasing overall precipitation and increasing intra-annual differences in
precipitation, with the secondary growing season becoming much drier than the farmers’
primary growing season. Gamble et al. (2010) suggest that perceptions of worsening
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droughts may be magnified by the larger oscillations in moisture between growing
seasons.
2.2.1.2 Oceania
In a case study of two indigenous agricultural communities in Arnhem Land,
Northern Territory, Australia, participants reported noticing changes in local landscapes
that they attributed to climate change (Petheram et al. 2010). Changes included losses of
certain plant and animal species (Casuarina, Kangaroo, Emu), earlier fruit tree flowering
dates, reductions in streamflow, sea-level rise, more extreme weather events, and seasonal temperature, wind, and precipitation shifts. Another study of indigenous Australians, in
the Torres Strait islands, details the complex interaction of plant, animal, landscape, and
astronomical observation in the production of local climate knowledge (Green et al.
2010). These elements are used to construct local seasonal calendars, and changes to
some characteristics have recently been observed, although the authors reported a lack of
consensus among participants about whether such changes were consistent with natural
variability. The authors suggest that indigenous knowledge of seasonal change, derived
from oral histories and traditional knowledge, can help to fill in current gaps in observations of historical climate change in the Torres Strait.
Small island developing states are exposed to some of the most immediate and catastrophic impacts of global warming, including sea-level rise and ocean acidification. In
addition, small-island states are experiencing local climate changes that compound
challenges for adaptation. In one study in Kiribati, residents accurately perceived longterm changes in diurnal temperature and altered timing of rainfall and wind patterns, with
perceptions related to observations of plant phenology and water availability for agriculture (Kuruppu and Liverman 2010).
2.2.1.3 Africa
The value of empirical analysis of climate perception is illustrated by a recent study
in the Albertine Rift region of East Africa relating local residents perceptions of climate
change to measurements from weather stations observations (Hartter et al. 2012). Using
household surveys, the authors found the residents perceived decreases in overall rainfall
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and greater uncertainty in the timing of seasonal rainfall. While total rainfall did not
change significantly over the three decades prior to the surveys, analysis showed that the
timing of seasonal transitions and the distribution of rainfall between seasons had shifted
significantly. While the spatial distribution of rainfall has not significantly changed, the
study found that more farmers on the east side of the region reported decreasing rainfall
than those on the west side. The authors note that this disparity can be explained by the
crop choices of farmers in each area, with farmers on the east side more frequently
planting maize instead of bananas. Because maize is a seasonal crop, reductions in
rainfall may have been more perceptible to maize farmers. As with similar case studies of
local climate perceptions, it appears that perceptions are strongly linked to individual
livelihoods.
A study in southern Uganda found that farmers construct their knowledge about local climate based on their memories of seasonal precipitation and temperature, traditional
indicators of climate, experience of weather events, and information about weather in
nearby places (Orlove et al. 2010). The authors document a knowledge system that relies
on broad-scale accumulation of information from both residents’ local area and other
regions to construct perceptions of climate. Climate-related indigenous knowledge is
highly social, with observations and information shared widely among residents. The
collective memories of residents in the studied communities in southern Uganda extended
across several generations, and older residents’ knowledge was valued based on their
extended experience with the local climate. Another key feature identified by the authors
is that practices based on indigenous climate knowledge are dynamically adaptive and
responsive to ongoing perceptions of climate, rather than being based on single observations (Orlove et al. 2010).
Another study in southwest Uganda provides a clear example of research comparing farmers’ perceptions of climate variability and change with measurements from
weather stations (Osbahr et al. 2011). Farmers most frequently reported changes in
seasonality, with smaller proportions reporting changes in precipitation timing, lower
overall precipitation, increased intensity of rainfall events, and increased temperature.
When asked about specific years with memorable weather events, years of drought and
poor rains were frequently recalled, especially when they had a significant impact on
20

agricultural production. Extreme weather events also served as reference points for
memories of important personal events such as war or marriage. When recalling the
climate in a certain year participants tended to describe conditions as they differed from
what would be the ideal weather for each farmer's livelihood depending on their crop or
livestock assemblage. The study concluded that farmers’ perceptions of rising temperatures was reflected in the meteorological station data, but the station data did not show
significant changes in seasonality or extreme precipitation events. The authors note that
“Scientific ‘truths’ of global climate change may have turned into myths about environmental change at the local level.” (Osbahr et al. 2011, 309) They suggest that perceptions
of declining rainfall, which were not supported by the station data, may actually be due to
the local temperature rise, which increases evapotranspiration and decreases crop available water. Another explanation for the lack of instrumental support for perceptions of
declining rainfall is that local water needs may have increased over time due to population growth that has in turn increased demand from farms and caused expansion into
more marginal areas. Overall, results support the contention that the memory of climatic
events is framed by their impact on individual livelihoods.
In a study of farmers’ climate change perceptions and adaptive capacity in the
Ashanti region of Ghana in 2009, nearly all respondents reported that average temperatures were increasing and average precipitation was decreasing over the past 20 years
(Fosu-Mensah et al. 2012). The causes of change in both temperature and precipitation
were primarily attributed to deforestation. The farmers’ perceptions of rising temperatures corresponded with trends from nearby climate stations, but perceptions of
decreasing precipitation were not supported by the climate station data. This study again
supports claims that the seasonal timing and frequency of rainfall in the tropics is a more
perceptually and economically salient variable than average rainfall totals.
2.2.2

Dry climates
Arid and semiarid climates (Köppen Group B) are generally found in the subtropics

and mid-latitudes. They are characterized by low precipitation and humidity, high evapotranspiration rates, and relatively high interannual variability in precipitation. In general,
climate model projections forecast significant changes in precipitation amount, timing,
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and variability in dryland areas by 2100 (Christensen et al. 2007). These changes are
expected to increase drought frequency and intensity in many already dry regions. For
example, reduced winter precipitation is projected in southern Australia and southern
Africa, and reduced annual precipitation is projected in North Africa, the northern
Sahara, Central America, and the southwestern U.S. (Christensen et al. 2007). As in
tropical climates, studies of communities in dry climates indicate that the climate perceptions of residents of these regions are most sensitive to changes in rainfall.
2.2.2.1 Africa
Some generalizable results are available from a large study of farmer perception
and adaptation in response to climate change in 11 African countries, conducted by the
Center for Environmental Economics and Policy in Africa (CEEPA) and the World Bank
(Maddison 2007). The research took place in Burkina Faso, Cameroon, Egypt, Ethiopia,
Ghana, Kenya, Niger, Senegal, South Africa, and Zambia. The study used an open-ended
question aimed at assessing perceptions of long-term change in temperature and precipitation over the past 20 years.1 Large percentages of farmers in each country perceived
that temperature and precipitation had changed, with over 50 percent of respondents
perceiving increasing temperatures in 7 countries and over 50 percent perceiving decreasing precipitation in 6 countries. To assess whether these perceptions might be related to
experienced phenomena, Maddison (2007) tested for global spatial autocorrelation of
district-level results in Niger and Ghana using the Moran’s I statistic. This analysis
showed significant spatial autocorrelation of responses to the temperature item in Ghana
and the temperature and precipitation item in Niger and Ghana, indicating that farmers in
neighboring districts were more likely to have similar perceptions of local temperature
change than those in districts more distant from each other. When comparing perceptions
to countrywide climate averages derived from gridded climate station data, perceptions of
increasing temperatures corresponded to climate records indicating significant temperature rise in the 1978-2000 period in Burkina Faso, Cameroon, Egypt, Ethiopia, Ghana,
and Zambia. Perceptions of decreasing precipitation corresponded with records indicating
significant precipitation declines during the 1948-2001 period in Burkina Faso, Ghana,
1

‘‘Have you noticed any long-term changes in the mean temperature/precipitation over the last 20 years?”
(Bryan et al. 2009, 417).
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Niger, Senegal, and Zambia. However, Kenya, Niger, Senegal, and South Africa all had
majorities perceiving increasing temperatures even though temperatures had not risen
significantly. The lack of a relationship between perceptions and climate observations in
these countries could be explained by several processes, including the influence of recent
extreme weather not captured in the long-term time series data, the averaging of climate
data at the national level when trends may exist at finer scales, or individuals perceiving
different climate indicators than are captured in the climate data. An additional finding
was that more experienced farmers were more likely to believe that their local climate
had changed, which was also positively related to the likelihood of taking proactive
adaptation measures when farmers had access to education and other adaptation incentives. Maddison (2007, 36) notes that the role of experience in climate perception “is
what one would expect to find if farmers were Bayesian updating while working the land.
It appears…that the precise nature of the changes reported by farmers is similar to those
reported by their neighbors, and that these assessments of climate change are not inconsistent with the meteorological evidence. The majority of those who felt that the climate
had changed had made at least one adaptation. These adaptations seemed geared to the
changes that the farmer perceived to have occurred as well as to the baseline climate.”
A detailed analysis of CEEPA study findings from the Nile basin of Ethiopia in
2004-2005 indicated that the majority of farmers perceived increasing temperatures (64
percent) and decreasing rainfall (65 percent) over the past two decades (Deressa et al.
2009, 2011). The perception of increasing temperature was reflected in climate station
measurements of increases in average minimum and maximum temperature. Rainfall was
highly variable in recent decades with no clear trend. The authors fitted a probit regression model to explore the individual factors influencing both farmers’ perception of
climate change and adaptation behavior. Among variables affecting the perception of
change in long-term temperature or precipitation, significant positive predictors were the
age of the head of household, farm income, access to information about climate change,
access to extension services, number of nearby relatives, and location in the highland
climate zone versus the other two zones. Significant positive predictors of climate change
adaptation were the head of household’s education, household size, if the head of household was male, livestock ownership, access to extension services, the availability of
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credit, and the annual average temperature at the farm’s location (obtained from the CRU
TS gridded dataset). Depending on the adaptation activity chosen, a 1 ºC increase in
annual average temperature was associated with between a +0.6 percent (adopting
irrigation) and +5.5 percent (planting different crop varieties) change in the probability of
adopting climate change adaptation measures (Deressa et al. 2009). The annual average
accumulated precipitation at the farm’s location was a significant negative predictor of
most adaptation measures, with a 1 cm decrease in annual average precipitation associated with between a –1 percent (changing planting dates) and +4 percent (soil
conservation) change in the probability of adaptation (Deressa et al. 2009, 2011).
CEEPA study results from South Africa in 2004-2005 found that 86 percent of
farmers perceived a long-term increase in temperature and 79 percent perceived a longterm decrease in rainfall (Bryan et al. 2009). While the survey item was phrased to elicit
perceptions of long-term mean changes, small percentages of respondents indicated that
they had observed seasonal changes in the timing of rainfall. There was no statistically
significant trend in total precipitation over the long term. However, in the three years
before the survey was conducted total precipitation was significantly below normal,
which Bryan et al (2009) suggest could account for the many respondents perceiving a
long-term decline. Perceptions of declining precipitation were less frequent among
farmers who had access to irrigation water, which supports the notion that climate change
perceptions are influenced by both climatic and other contextual factors. Experience with
recent extreme events—droughts and floods—were statistically significant predictors of
farmers adopting adaptation measures.
Multiple studies have examined indigenous climate knowledge and perceptions of
climate change in Kenya. A small study in the Central Highlands of Kenya related farmer
perceptions of rainfall trends to rainfall data for the past 39 years from five nearby
meteorological stations (Ovuka and Lindqvist 2000). Most farmers believed that annual
rainfall was declining, and that rainfall patterns were changing and becoming less reliable. Station data did not show significant trends in annual precipitation. However, during
the growing season for maize, the primary local crop, rainfall amounts had significantly
decreased, suggesting that climate perceptions may be closely tied to climate’s relevance
for individual livelihoods (Ovuka and Lindqvist 2000).
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A second study in semi-arid eastern Kenya found that indigenous knowledge accurately characterizes the extreme precipitation variability of the region and is used by
nearly 80 percent of households to forecast periods of drought (Ifejika Speranza et al.
2010). Indigenous climate knowledge and forecasting was derived both from long-term
personal experience as well as observations of the behavior of specific animals, birds, and
insects,1 and the timing of flowering and fruiting of certain trees. In a region that experiences recurring severe drought, residents’ definition of drought included both a lack of
rainfall, usually for at least two seasons, as well as its impact on crops and livelihoods.
As a result, while residents were able to recall periods of drought their ratings of drought
severity differed from meteorological data, instead hinging on the timing of the drought
and its socioeconomic impacts.
A third study of farmers in other districts of eastern Kenya found that over 90 percent of respondents perceived changes in local climate over the past two decades,
including rising average temperatures and decreasing rainfall (Okoba et al. 2011; Silvestri
et al. 2012).
A fourth study in five districts in eastern Kenya directly compared farmer’s perceptions of climate variability and long-term trends with nearby weather station
observations, in an attempt to gauge the accuracy of perceptions (Rao et al. 2011). In
general, perceptions of a declining rainfall trend did not correspond to observed trends in
local rainfall data. The researchers asked participants to recall and characterize the
climate during the previous 10 growing seasons. While over 90 percent of participants
accurately recalled the conditions of the previous season, recall ability diminished for
preceding years with only 49 percent accurately characterizing the conditions 10 seasons
prior to the study date. Using a novel method, Rao et al. (2011) also asked participants to
report the frequency of different types of seasons out of the previous 10 years to compare
perceived probability distributions with data from climate stations. Results indicated that
farmers tended to overemphasize the probability of bad seasons—supporting previous
research on farmers’ negativity bias or tendency to overweight negative events (Hansen
et al. 2004). The authors concluded that farmers have a relatively accurate understanding

1

For example, among birds the appearance of Plocepasser and the disappearance of Ploceus is an indicator
of oncoming drought (Ifejika Speranza et al. 2010, 305).
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of the probabilistic nature of climate variability in their local area, although perceived
long-term trends such as that of declining rainfall are not supported by available station
data.
The mechanisms by which people incorporate probabilistic climate information into their behavior have not been extensively researched in the literature on perceptions of
climate change. However, a study in southern Ethiopia and northern Kenya used a
Bayesian framework to understand how pastoralists update their climate expectations
based on climate forecast information (Lybbert et al. 2007). Conducted in March 2001,
part of the study used a new method for measuring participants’ subjective probability
distribution about possible future rainfall states. Participants used a set of 12 stones
placed into three piles representing their prediction about whether rainfall in the next
season would be above normal, normal, or below normal. Probability beliefs tended to be
similar within communities, with individuals within the same village significantly more
likely to report similar beliefs about the next season’s climate. Results indicated that
participants did update their expectations for future rainfall based on forecast information, but the updating was asymmetric—expectations were modified when forecasts
projected below average rainfall, but not when forecasts projected above average rainfall
(Lybbert et al. 2007). The authors speculate that this asymmetric updating may be due to
differences in the ability of pastoralists to respond to different forecasts, with effective
strategies available to respond to a below-normal forecast but not to an above-normal
forecast (e.g. Little et al. 2001).
Many studies have described widespread perceptions of declining rainfall in Africa
despite climate station data that frequently shows no significant trends. In northern
Ethiopia, Meze-Hausken (2004) found similar perceptions of decreasing precipitation and
explored possible reasons for the divergence between perceptions and station data.
Results from surveys and in-depth interviews indicated that participants perceived a
downward trend in precipitation that did not correspond to nearby climate station records.
One hypothesized explanation for the deviation of perceptions from station records is that
the optimal amount and timing of rainfall changes between years depending on crop
choices or other factors. In general, participants seemed to compare their memories of
past years not to their average or normal climate, but to an ideal climate for their liveli26

hood (cf. Hulme et al. 2009). For this reason, meteorological drought does not always
correspond with crop moisture deficits. Similarly, people with different livelihoods can
perceive the same climatic conditions differently. For example, the study documented
pastoralists describing past droughts as less severe than farmers in the same region.
Aspects of social vulnerability seem to have a substantial influence on perceptions of
climatic events, Meze-Hausken (2004) notes. “Even if 2 separate drought years are
identical in intensity, duration and spatial characteristics from a meteorological perspective, impacts will probably be different due to societies’ vulnerability to drought at that
particular moment” (Meze-Hausken 2004, 27). Among proposed explanations for the
deviation between perceptions and observations are population growth leading to increased agricultural demand, soil degradation leading to decreased agricultural output,
increased competition for cropland, and migration into the region by residents from areas
with higher precipitation during an unusually wet period (Meze-Hausken 2004).
A study in semi-arid central Tanzania specifically addressed farmers’ perceptions
of drought, which they considered the primary threat to local agricultural productivity
(Slegers 2008). As several other studies in semi-arid regions of Africa have shown,
drought was seen as a broader phenomenon than simply rainfall deficits. Based on the
Taylor et al. (1988) model of drought perception (described below), perceptions of
drought seem to depend on experience, personal definitions, and memory. Definitions of
drought included multiple factors beyond rainfall shortage, such as abnormal heat, lack of
drinking water, and crop failure. Memories of past seasons emphasized more recent years
and years with extreme conditions that affected crop productivity. Many years with
meteorologically defined droughts were not recalled as such by the participants, which
Slegers (2008) suggests indicates a high threshold—crop failure—for the local definition
of a drought.
In southern Africa, climate model projections indicate a general downward trend in
precipitation with an increased frequency of extreme droughts. In a study in Zimbabwe
and Zambia, farmers reported changes in local climate such as increasing droughts and
floods and more extreme dry spells that are consistent with overall changes in climate
variability (Mubaya et al. 2012). In this study, most farmers ranked climate variability as
the most important cause of changes in agricultural output, when other stressors such as
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HIV/AIDS, pests and disease, transportation difficulties, lack of capital, and low market
prices may play an equal role.
Shaffer and Naiene (2011), in a study of two rural communities in southern
Mozambique, used a mental models approach to examine perceptions of local climate
and landscape change. Mental models of local climate change aggregate a community’s
knowledge of local climate based on their observations and experience, while capturing
the interconnections between climate, livelihoods, and other social factors. Nearby
climate station data indicate long-term increases in average temperatures and greater
variability in rainfall amounts and timing in the region. Results from in-depth interviews
revealed that the participants’ mental models generally corresponded with climate station
measurements, with residents perceiving local temperature increases as well as greater
variability in precipitation. In addition, participants’ mental models of climate change
included a range of non-climatic factors such as declining agricultural output, forest loss,
declining wild food availability, population change, and the appearance of new plant
species. Mental models also differed between the two communities studied, which the
authors attribute to differences in the landscapes of the two sites (woodland versus
grassland) affecting the visibility of environmental indicators of climate change (Shaffer
and Naiene 2011).
A study in South Africa by Thomas et al. (2007) used self-organizing maps
(SOMs) to identify regions of similar rainfall characteristics and examined their relationship to local farmers’ perceptions of climate. The explicitly spatial and in-depth approach
used by these authors provides a useful example for capturing the complexities of local
precipitation regimes and trends, which are perceived in much more detail than simple
changes in means over time. Climate variables included mean daily rainfall, the maximum rainfall event per month, total number of rain days per month, rain days exceeding
2 mm and 20 mm per month, the number of consecutive days with and without rainfall,
and 80th percentile rainfall events. Overall, results indicated that local residents recognized the place-based characteristics of rainfall identified from the SOMs. These changes
included increasing interannual variability, later onset of the rainy season, and changing
rainfall totals.
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Multiple studies have examined the role of climate perceptions in climate change
adaptation in dryland West Africa, a region where climate models disagree about projected changes in precipitation (Sollod 1990; Roncoli et al. 2002, 2008; West et al. 2008;
Mertz et al. 2009; Tschakert et al. 2010). An early study of pastoralists in Niger supports
other research showing that individuals with agricultural livelihoods can detect and
respond to long-term trends in precipitation (Sollod 1990). When asked to recall rainfall
and drought during each of the past 41 years, the extreme drought periods remembered
by participants corresponded with multiple years during which abnormally low rainfall
was recorded. However, the concept of drought was seen as a multi-year phenomenon, so
single years of below-average rainfall were not recalled as drought years. Participants’
memories of rainfall were most similar to nearby rainfall data rather than data from more
distant cultivated areas, suggesting that their recollections were based on their own
experience or that of their community rather than secondhand information (Sollod 1990).
In the central plateau of Burkina Faso, Roncoli et al. (2002) found that farmers extensively used their own observations of environmental changes to make local climate
forecasts. These observations centered on fruit production of specific trees at the beginning of the rainy season and local temperature during the dry season. Observations of the
movements of constellations and the phases of the moon were also used to guide planting
times and forecast seasonal precipitation. Farmers noted that local forecasts were becoming less reliable due to increasing local climate variability, although most of the surveyed
farmers were able to correctly forecast the characteristics of the upcoming 1998 rainy
season. When asked about their perceptions of long-term climate change, most participants cited long-term decreases in precipitation and increasing precipitation variability.
The authors suggest that local climate knowledge can help to improve quantitative
climate models that produce scientific forecasts, although the climate variables of interest
sometimes differ in ways that make scientific forecasts less useful to farmers. For example, global climate models better represent the total quantity of precipitation rather than
its timing and distribution, which have more relevance to local agricultural practices.
Later research in Burkina Faso found similar trends of farmers perceiving declines in
total seasonal rainfall and the frequency of major rainfall events during the rainy season
over the past three decades (West et al. 2008). Evidence of long-term drought was
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associated with landscape observations, for example the loss of useful plant species and
the desiccation of water bodies. The authors assert that these perceptions were supported
by long-term climate station records, although (as mentioned below) findings about
recent precipitation trends in the Sahel are equivocal and climate models suggest longterm precipitation increases (Christensen et al. 2007). Regardless, West et al (2008)
report that no participants believed that rainfall was increasing over the long term.
A study of local climate knowledge and adaptation in the Ghanaian Sahel following
a series of extreme precipitation-induced floods provides a key example of how intuitive
associations between place and climate can act as an obstacle to perceiving the effects of
climate change (Tschakert et al. 2010). The Sahel has long been associated with desertification, but climate model projections of more intense rainfall and more frequent flooding
do not correspond to this desertification narrative (Christensen et al. 2007). The desertification narrative also did not reflect the experiences of local residents, who reported
increasing rainfall intensity during the rainy season and increasing variability and uncertainty, both of which are reflected in climate station data. Participants ranked the recent
2007 extreme rains and flooding as the most severe climatic incident in memory. Notably, the study found a reliable overlap between participants’ memory of extremely wet
periods and monthly precipitation anomalies (Tschakert et al. 2010).
In central Senegal, researchers interviewed and surveyed farmers, extension agents,
and NGO representatives about agricultural practices, patterns of climate and landscape
change observed over the previous 50 years, and perceived causes of change (Mertz et al.
2009). Participants recalled years with extreme weather conditions, such as severe
droughts, sand storms, and excessive rain. Most participants noted that annual temperatures had increased and precipitation had decreased, although some qualified their
responses by noting that rainfall had most recently increased or that the overall quantity
of rainfall was less important than the timing of rainfall. Climate station data did not
indicate an overall trend in precipitation amounts over the past three decades, although
precipitation in the region is characterized by high variability. The authors note that the
perception of a negative trend in precipitation could be influenced by international
narratives of declining rainfall and desertification in the Sahel (e.g. Tschakert et al.
2010). A large majority also reported that wind intensity had increased throughout the
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year, a change that was perceived as having an extreme negative impact on agriculture.
Perceived local climate changes, particularly in wind intensity, were cited as causes of
poor livestock health and reduced crop yields (Mertz et al. 2009).
2.2.2.2 Asia
A study in China’s Loess Plateau, where climate station data shows long-term local
warming and declining precipitation, found generally accurate awareness of local climate
trends among farmers (Hageback et al. 2005). Researchers conducted in-depth interviews
and focus groups with farmers about their perception of past climate, climate change, and
their adaptation strategies. During the interview and focus group sessions participants
were also asked to use an interactive tool, called the “Climate Game,” in which they
listed characteristics for temperature, rain, wind, and snow over four previous 10-year
periods and one future period. When asked to compare current weather to weather 20
years ago, 90 percent of participants believed that it had become either warmer or drier,
which corresponded with trends from climate station data, despite extreme variability in
precipitation over the preceding several decades.
2.2.2.3 North America
Many studies have addressed climate and weather-related mortality and morbidity
risk related to heat stress among urban residents in arid regions, in part to improve health
risk communications (e.g. Kalkstein and Sheridan 2007). However, there has been little
direct research on the perceptions of heat waves among urban residents. One recent study
in Phoenix, Arizona examined perceptions of air temperature during a heat wave to finescale atmospheric model data (Ruddell et al. 2012). Most respondents perceived that the
Phoenix area was warming over time, consistent with climate station observations.
Residents in different neighborhoods experienced substantially different microclimates
over a short time scale due to topographic and urban heat island effects. Perceptions of
relative temperature were closely related to the modeled temperature data in their neighborhood, suggesting that residents’ perceptions were influenced by their own experience
of local temperatures. Residents living near the center of the urban area who experienced
the most significant urban-heat-island effects were more likely to perceive their local area
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as warming over the long term than residents on the urban fringe. Socio-demographic
factors influenced perceptions of local warming to a lesser extent, with women, ethnic
minorities, elderly and long-term residents, and political moderates and liberals most
likely to believe their local area was warming over time, which could relate to the similarity of the question to the concept of global warming. However, when asked to compare
local temperatures to temperatures in other neighborhoods, only neighborhood-level
temperature exposure was a significant predictor of responses (Ruddell et al. 2012).
2.2.3

Temperate and continental climates
Temperate and continental climates (Köppen Groups C & D) are quite diverse but

can generally be characterized by relatively high seasonal differences in seasonal temperature associated with seasonal fluctuations in solar radiation. Climate model projections
indicate that most temperate and continental regions are likely to warm more quickly than
the global mean (Christensen et al. 2007). These areas include the Mediterranean and
northern Europe, central and northern Asia, and North America. Warming is likely to be
similar to the global mean in temperate Australia and New Zealand and southern South
America. Winter minimum and summer maximum temperatures are projected to rise
across temperate and continental zones. Many temperate and continental regions receive
significant proportions of their annual precipitation as snow, and the length of the snow
season and total snowfall is projected to decrease in these regions (Christensen et al.
2007). Total precipitation is not projected to change consistently across temperate and
continental zones. For example, annual precipitation will very likely increase in northern
Europe and decrease in the Mediterranean. In North America, annual precipitation is
likely to increase in the northeastern US and Canada and decrease in the southwestern US
(Christensen et al. 2007).
Research on the perceptions of climate and climate change among residents of temperate and continental regions tends to focus on rural farmers, as in the studies mentioned
above. However, there have also been several studies examining the perceptions of urban
residents in the context of global warming and meteorological hazards, particularly in
North America and Europe.
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2.2.3.1 North America
Individual perceptions have long been recognized as having a role in farmers’ decision-making in response to climate variability and change. Much of the evidence for this
role has been obtained through studies of farmers in North America, particularly those
initiated by human-environment geographers (e.g. Saarinen 1966). This research has also
help to characterize the aspects of climate that are most salient for farmers.
For example, a study of perceptions of drought in the U.S. Great Plains found that
farmers tended to remember primarily the most severe and most recent droughts experienced (Taylor et al. 1988). The study was conducted in 1985 in Texas, Oklahoma,
Kansas, Nebraska, and Colorado with 99 farmers. Using semi-structured interviews,
participants were asked about their local climate and their perceptions of long-term local
climate changes. The study also found that perceptions of change in the frequency of
drought depended on the individual’s length of experience in farming. As the length of
experience with a particular region’s climate increases, residents are better able to
characterize the full range of local climate variability. Taylor et al. (1988) used these
results to construct a theoretical model of the relationship between drought experience
and behavior among farmers (Figure 2.1). The model defines four factors that shape
drought perception: previous experience, memory, definitions of drought, and expectations. Previous drought experience directly shapes memory and the ways in which an
individual defines drought. Likewise, the events that are remembered as a drought depend
on individual definitions. Combined, memory and personal definitions influence expectations about the probability and severity of future droughts and, in part, anticipatory
behavior to adapt to future drought (Taylor et al. 1988).

Memory
Experience

Expectation

Behavior

Definition
Figure 2.1: Model of drought perception adapted from Taylor et al. (1988, 170).
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Following on the model described by Taylor et al. (1988), Diggs (1991) surveyed
two groups of farmers in the U.S. Great Plains to gauge the role of drought experience in
the perception of climate change. The survey took place in the summer of 1989, the year
after global warming had begun to receive substantial media attention due to an extreme
heat wave in the midwestern and eastern U.S. The first group of farmers, located in
western North Dakota, had experienced multiple recent droughts, while the second group
in northeastern Colorado had experienced fewer recent droughts. Survey results indicated
that respondents who had experienced more frequent droughts perceived droughts to be
more likely and were more likely to have taken proactive drought management actions.
As in other related studies, more recent and more severe drought events were more likely
to be remembered. Older farmers who had more years of farming experience tended to
perceive drought frequency to be increasing to a lesser extent than younger farmers,
which Diggs (1991) suggests results from older farmers having more complete experience of local climate variability. When asked about local climate change, more than 73
percent of farmers agreed that the climate in their state may have been changing, with the
majority of those respondents believing that the climate was becoming warmer, windier,
and drier (Diggs 1991).
The perception and definition of drought has continued to receive attention from
researchers. A content analysis of interview data from ranchers in southwestern South
Dakota in 1992–1993 found that awareness of drought was structured around perceptions
of the amount of annual rainfall, the timing of rainfall, and impacts on the ranchers’
livelihood (Dagel 1997). The study also found that older ranchers were significantly more
likely to believe that drought was common in the region. Younger ranchers, whose
experience was predominantly during the preceding two decades of above-normal
precipitation, were much less likely to believe that drought was a common occurrence.
In addition to studying farmers’ perceptions of climate variability and change, a
major theme of this type of research involves analyzing behavior and decision-making in
response to climate change. This research has found that farmers make decisions to adapt
not only on changes in average conditions, but on other climate variables perceived
through personal experience, including temperature and rainfall extremes, timing, and
intensity, and frost dates. Examples of these types of adaptation decisions include the
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selection of maize hybrid varieties that are best adapted to upcoming seasonal precipitation or changing farm operation strategies (Smit et al. 1996, 1997). One study of farmers
in southern Ontario from 1986 to 1991 found that the frequency of perceived recent
drought years varied substantially among participants, but farmers who believed they had
experienced more frequent droughts were more likely to have engaged in adaptive
responses (Smit et al. 1996). Also in Southern Ontario, a second study of farmers in 1994
examined adaptation to climate variability by the selection of different maize hybrid
varieties (Smit et al. 1997). Results indicated that farmers adjusted their selection behavior based on the previous year’s growing conditions, which supports the findings from
related studies that farmers’ perceptions of climate change and their behavioral responses
may be more related to recent climate events or trends as opposed to long-term changes
in average conditions (Smit et al. 1997).
A key study by Weber (1997) of farmers in Illinois showed that memories of
weather events and past climate were influenced by selective attention, with attention
focused on events that required actions on the part of farmers. Based on an open-ended
question about expectations of future climate in the next thirty years, 53 percent of
respondents did not expect any significant changes and 42 percent expected the climate to
be warmer and drier. In addition, nearly half (49 percent) of farmers had low belief
ratings in global warming, and disbelief in global warming was strongly correlated with
the expectation of no significant change in local climate in the coming years. The study
asked farmers about the changes they would need to observe in order to believe in global
warming, with the majority of respondents requiring an annual rise in temperature of two
to five degrees Fahrenheit and an annual decrease in precipitation of two to five inches
over at least a five to ten year period. The study also assessed farmers’ accuracy at
recalling the climate over the past seven years in April and July. Farmers on average
overestimated April rainfall and underestimated July rainfall. The amount of farming
experience was not related to the accuracy of recollection, but active management traits
increased accuracy. Interestingly, belief in global warming and stratospheric ozone
depletion significantly decreased recollection accuracy for rainfall. Farmers who believed
in the existence of global warming were more likely to bias their memories of precipitation in the direction projected by climate models for the region, toward greater
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precipitation during the winter and less precipitation during the summer. When asked to
recall past temperatures, those who believed in global warming were most likely to report
that July temperatures had gotten hotter over the last five years, which was consistent
with climate station measurements. Those who expressed disbelief in global warming
were most likely to report that temperatures had stayed the same over the last five years
(Weber 1997). These results suggest that pre-existing beliefs about concepts like global
warming can distort memories of seasonal temperature and precipitation, with distortions
happening in opposite directions depending on one’s belief or doubt in the existence of
global warming. Accordingly, global warming beliefs may act as a barrier to effective
adaptation to local climate change if they reduce the ability of individuals to detect local
climate trends.
More recent studies have shown that farmers in temperate zones are increasingly
skeptical about the existence and seriousness of global climate change as it has become a
politically polarized issue. A meta-analysis of research on farmer adaptation in Canada
found that most farmers were skeptical about the existence of long-term climate change,
those who did perceive long-term change were mostly responding to recent events, and
farmers who did perceive changes did not necessarily take any action to adapt (Bryant et
al. 2000). The research also emphasizes that perceptions and responses to climate change
are embedded in a broader social context: farmers’ strategies differ even when they are
exposed to the same climate conditions, based on differences in crops, markets, and
individual characteristics (Bryant et al. 2000).
One of the earliest studies of the response of urban residents to climate change
comes from the Metropolitan Meteorological Experiment (METROMEX) in the region
surrounding St. Louis, Missouri (Farhar-Pilgrim 1985). Local climate changes due to
urban development and land cover changes were monitored over a 30-year period. Even
though data from a robust network of meteorological stations indicated that summer
rainfall had increased by 30 percent over the past thirty years, results from social surveys
found that these changes were not perceived by most of the population. Neither farmers
nor urban residents were likely to notice the changes in rainfall. These results supported
the claims of early climate impacts researchers that gradual changes in climate variables
were not likely to be perceived by individuals (e.g. Whyte 1985).
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2.2.3.2 Latin America & the Caribbean
Research on the role of astronomical observations in forecasting El Niño cycles
provides a fascinating ethnoclimatological account of local climate knowledge systems
(Orlove et al. 2000). Indigenous farmers in Andes of Peru and Bolivia have used observed changes in the brightness of the Pleiades star cluster during the southern winter
solstice to forecast upcoming seasonal rainfall. Orlove et al. (2000) found that the brightness of the Pleiades in June was influenced by atmospheric water vapor in the form of
high-altitude cirrus clouds which are most prevalent during El Niño years. El Niño is
associated with below-average rainfall during the Andean growing season. The researchers concluded that local seasonal rainfall forecasting methods based on observations of
the Pleiades were a relatively reliable predictor of climate variability (Orlove et al. 2000).
A study of farmer climate change perceptions and decision-making in the Pampas
of Argentina found that a minority of farmers believed that their local climate had
changed in recent years (Hansen et al. 2004). The study used a range of psychological
instruments to study influences on farmer decision-making when receiving climate
forecasts, including the role of receiving climate information through personal experience
or external description. Results indicated that climate information, when communicated
as a statistical abstraction, was difficult to conceptualize for farmers and difficult for
them to act on. The results also suggested that farmers’ mental models of local climate
variability included systematic biases, such as wishful thinking consistent with preexisting goals and beliefs and emphasizing the most recent weather events in memory
(Hansen et al. 2004).
2.2.3.3 Asia
Vedwan and Rhoades (2001) and Vedwan (2006) examined the climate change
perceptions and responses of apple growers in the Kulli Valley of Himchal Pradesh, in
the western Hamalayas of India. Apple productivity had been steadily declining in the
1990s, which was perceived by farmers to be caused partially by climate change. Local
residents perceived multiple facets of climate change since the 1970s: a reduction in
snowfall amounts, a shift in timing of rain and snow, an increase in average temperatures,
and a shift in the seasonal distribution of temperature. Participants described the period
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before the 1970s as the “normal or ‘ideal’ climate” which formed the basis for the local
traditional weather calendar; more recent changes were compared against this normal
period (Vedwan and Rhoades 2001, 113). The researchers suggest that the climatic
changes that were most noticeable and recalled most easily were those that were visibly
salient, such as snowfall accumulation on hillsides, and those that directly influenced
apple productivity, such as changing seasonal temperature distributions that shift apple
blossom timing. By far the most perceptible change was a decrease in snowfall amounts.
Growers associated deviations from the ideal amount of snow with other deviations from
climatic normal, such as later spring frosts, more cloudy days, and later summer rainfall,
which participants perceived as directly reducing apple productivity (Vedwan 2006). As
in other case studies of local climate perceptions, results supported the contention the
local livelihoods are a major influence on perceptions of climate change (Vedwan and
Rhoades 2001). Local perceptions of climate change seemed to be structured by both
external stimuli from the climate and individual constraints and resources associated with
local livelihoods (Vedwan 2006).
A study of farmers in two eco-regions of Nepal similarly found that most respondents perceived through their own experience that their local climate was changing, and
were actively responding to the changes (Manandhar et al. 2011). Their perception of
recent climate change was partly related to their observation that certain climatic features,
such as wind during specific seasons, were no longer occurring. The majority of respondents in one study site in lowland Nepal perceived an increase in the length of cold periods
in the last 14 years, which was reflected in climate station data. In a study site in upland
Nepal, respondents perceived increases in crop diseases and mosquitos associated with
warmer winters and summers, decreasing snowfall combined with increasing rain during
the winter, and longer frost-free periods. The perceived changes in temperature and
rainfall in upland Nepal were also reflected in climate station data (Manandhar et al.
2011).
In a study in Eastern Tibet, a region that has experienced significant recent warming, residents reported a diverse range of perceived climate changes and climate change
impacts (Byg and Salick 2009). Semi-structured interviews of residents of six villages
revealed that the vast majority of respondents mentioned changes corresponding to
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climate records, including less snowfall, glacial retreat, higher average temperatures, and
earlier planting and harvest dates. Mentioned climate changes were strongly dependent
on the village and landscape in which participants lived. No participants were aware of
global warming, and thus attributed local changes to other causes, such as development
or religious reasons (Byg and Salick 2009).
Similarly to Tibet, Mongolia has experienced significant recent climate change. A
study of nomadic herders in Mongolia found comprehensive local knowledge of recent
climate changes that included more extreme droughts and sand storms (Marin 2010).
Climate station records indicated a reduction in precipitation during the past ten years,
which was reflected in participants’ perceptions of more extreme droughts (including a
three-year period that was characterized as the worst drought in living memory and
caused severe livestock losses). In addition to drought, participants mentioned that rain
was occurring over a smaller geographical extent—which they called “silk embroidery
rain” (Marin 2010, 167). When rain did occur, it was perceived as being more intense.
These perceptions all corresponded with station records except in the case of more
intense rains, which could have been reflected in changes in raindrop impact energy, for
which time series data were not available. Herders acknowledged that their local climate
exhibited extreme variability in temperature and precipitation, but they characterized
recent years as being outside the range of normal variability (Marin 2010).
2.2.3.4 Europe
Several studies in Europe have examined the climate change perceptions of the
public in relation to recorded observations. Rebetez (1996), using a case study in Switzerland, considers the role of personal weather expectations in the perception of climate
change. Intra-annual and interannual temperatures can be highly variable in temperate
and continental climate zones, which can complicate one’s ability to detect long-term
changes. Results indicated that perceptions of climate change could be biased when
associated with expectations surrounding what the weather should be during certain
periods. For example, there is a strong expectation of snow cover on December 25—a
White Christmas—a condition that is perceived to be historically normal in Switzerland.
The frequency of Christmases without snow cover was perceived to be increasing in
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Switzerland, a phenomenon that was attributed to global warming in media accounts.
However, trends from climate station data indicated that there was no historical trend in
declining snow cover on Christmas, suggesting that public perceptions were disconnected
from local climate experience. Similarly, a common belief in Switzerland was that the
number of sunny days during summer was decreasing, although no clear trend was
detectable from observations. Rebetez (1996) notes that such perceptions can arise when
local climate parameters exhibit extreme variability, as in many mid-latitude climates.
The presence of such variability implies that communication about local climate change
in such regions should not necessarily focus on deviations from historical norms when it
is normal to experience extreme interannual variation, and instead emphasize the probabilistic nature of the climate (Rebetez 1996). The findings also support research in
psychology that has shown weather to play a role in autobiographical memory, which is
the recollection of past events from one’s life. When estimating when autobiographical
events occurred, people use seasonal cues and information related to their experiences of
weather at the time of the event (Baddeley 1997, 214).
A study of the public in southern England and central Scotland found that respondents were aware of the relationship between weather extremes and climate change and
generally concerned about global warming (Palutikof et al. 2004). Perceptions differed
between the samples in England and Scotland, with more respondents in England perceiving warmer summers to have negative effects as compared to respondents in
Scotland, an effect that the authors attribute to local differences is climate (Palutikof et al.
2004).
Meze-Hausken (2007) compared ten years of news coverage of weather and climate in Bergen, Norway to meteorological observations to characterize what was
considered “good” or “bad” weather. The study found that the relationship between
observations and news coverage was seasonally dependent. For example, temperature
was the dominant determinant of a good summer day, while available sunlight defined a
good winter day. Bergen is one of the rainiest cities in Europe, and rain was a major
feature of news stories in the study. However, expectations of upcoming weather appeared to shift based on recent experience, with greater amounts of news attention when
conditions differed from previous periods (Meze-Hausken 2007).
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In a comprehensive study of the perceptions, beliefs, and behaviors surrounding
climate change in a small town in Norway, a monograph by Norgaard (2011) documents
a profound disconnect between the experience of abnormal weather and behavior to
respond to global climate change. Snowfall was much below normal during the winter of
2000-2001, preventing ski resorts from opening and economically affecting the community. Skiing is intimately tied to Norwegians experience of winter. One participant
described a “real…Norwegian winter,” as one that gets cold enough for people to use
blue wax on their skis (Norgaard 2011, 37). The local cultural connection to skiing made
the lack of winter snow particularly salient. Although the lack of snowfall was noted by
residents as part of a long-term trend, it was only casually associated with global climate
change, and only infrequently so in media representations. Rather than being perceived as
a distinct trend in observations of a range of phenomena, climate change was attributed
casually as causing that season’s unusual winter. The prevailing sentiment was that there
was little to be done to mitigate the cause of climate change. As much other sociological
research has shown, climate change was predominantly seen as a distant problem
(Norgaard 2011).
As discussed in other parts of this chapter, multiple studies of agriculturalists in
various climates have shown evidence for perceptions of climate change driven by
changes in crop phenology, among other factors. For example, in Europe, a study of
grape growers in France, Germany, and Italy found that the majority of respondents
perceived long-term changes in climate toward warmer and longer growing seasons and
more frequent droughts that were consistent with evidence from climatic observations
(Battaglini et al. 2009). The changes in climate were perceived by the majority of respondents to positively affect wine quality but to magnify threats from pests and diseases.
The authors call for more access to climate forecasts by European winegrowers as an
adaptive measure, in light of the 80 percent of respondents who perceived future climate
change as a threat (Battaglini et al. 2009).
Other studies have examined public perceptions of climate change and associated
hazards as issues. For example, in a study of perceptions of heat and cold waves among
elderly U.K. residents, participants did not perceive themselves to be personally at risk to
weather extremes, a perception that may result from a misinterpretation of local climate
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variability (Wolf et al. 2010). There has been extensive research examining individual
opinions and beliefs about climate change impacts, behaviors, and policy preferences
(e.g. Lorenzoni and Pidgeon 2006; Dessai and Sims 2010; Spence et al. 2011), but there
has been relatively less research on relating perceptions to observed phenomena.
2.2.4

Polar climates
Polar climates (Köppen Group E) exhibit extreme seasonal differences in tempera-

ture associated with the amount of available solar radiation, although mean temperatures
remain below 10 ºC throughout the year. The 10 ºC mean isotherm roughly follows the
tree line in the Arctic, such that land cover in the polar zone is predominately tundra or
glacial ice cap. Precipitation most often occurs as snow, but the amount and timing of
seasonal precipitation is highly place-dependent. Climate records indicate that the Arctic
has warmed significantly in recent decades, and is very likely to warm more quickly than
the global mean over the next century (Christensen et al. 2007). Warming is expected to
be greatest during the winter. Model projections also indicate that annual precipitation in
the Arctic is very likely to increase. Arctic warming will have substantial landscape
impacts visible to humans, with declines in sea ice, permafrost, and snow cover extent
(Meehl et al. 2007). As described below, many of these changes have already been
observed by Arctic residents and attributed to global warming.
Local climate knowledge has been a critical part of existence in Arctic communities, and landscape observation has been an important component of local detection of
climate change in the Arctic (Huntington et al. 2004). The observation of glacial growth
and retreat, for example, is a highly visible landscape feature that is tightly coupled to
climate variability and change. Cruikshank (2001) discusses the role of glaciers in the
oral tradition of indigenous residents of northwestern North America in the context of the
current rapid warming of the Arctic. The narratives contain information about human
travel and settlement in previously glaciated areas at the end of the Little Ice Age (roughly 1550 AD to 1850 AD), illustrating that local oral tradition about population
movements can provide an important source of information about climate-driven landscape change (Cruikshank 2001).
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Recent observations also find local awareness of extreme climate change in the
Arctic. Nichols et al. (2004) interviewed residents in a Northwest Territories coastal
community about their observations of sea ice and climate change. Residents consistently
indicated that they were observing substantial changes in multiyear sea ice extent, oneyear ice thickness, and dates of ice freezing and breakup. These changes were perceived
to be outside the range of previous experience. These changes were attributed to higher
air temperatures throughout the year, particularly in winter, and more rain in fall and
winter. Other changes were observed and attributed to the loss of sea ice, such as higher
water temperatures, stronger winds, and stronger wave action. The observed changes in
sea ice had notable effects on local livelihoods, including more dangerous hunting
conditions for marine mammals, fewer hunting opportunities, more difficult travel, and
declines in tourism. Like other studies of local climate knowledge, Nichols et al. (2004)
note that climate and landscape variables are not observed and understood independently,
but as an interconnected system. Similarly, Laidler (2006) reviewed previous research on
Inuit observations of climate change, finding that, in addition to observations of sea ice
change, multiple studies have reported perceptions of increased weather variability, fewer
periods of extreme cold in winter, changes in the timing of seasonal transition between
fall and winter, more storms during summer, and greater uncertainty regarding weather
prediction.
Gearheard et al. (2010) conducted a focused case study of local knowledge and meteorological station observations of wind patterns in an Inuit community on Baffin Island,
Nunavut. Wind is observed closely by residents because it is connected to sea ice patterns
and wave conditions that directly affect hunting and travel. As discussed above, multiple
studies have shown that many Inuit are observing changes in wind patterns (Laidler
2006). Gearheard et al. (2010) show that Baffin Island residents have observed changes
in several wind-related variables: wind speed, wind direction, and wind variability.
Instrument data from a nearby meteorological station were compared to local observations, showing substantial disagreement in the two sets of observations. Station data did
not show significant trends in wind speed or wind direction, although there was some
support for increased variability in these variables. While long-term local observations
and station data did coincide—such as in the directions of prevailing winds during
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different seasons—there was little relationship between local residents’ observations of
change and the station data. The authors suggest several explanations for this divergence.
For example, the weather station data is situated within a settlement and not necessarily
representative of the locations where residents travel to hunt. Other explanations are that
local residents’ observations were inaccurate or not representative of the same phenomena measured by weather stations. The study illustrates that connecting local perceptions
with instrumental data is not always straightforward and can be problematic when
examining complex meteorological variables like those related to wind (Gearheard et al.
2010).
A similar focused study in another Nunavut community found a correspondence
between local observations that the weather was becoming less predictable and weather
persistence as recorded in hourly station data (Weatherhead et al. 2010). Traditional Inuit
weather forecasting has been perceived to less reliable in recent years as a result of both
climate change and less reliance on traditional methods. In addition, as mentioned in
previous studies, local weather is perceived to be becoming more variable and uncertain
in the Arctic. Weatherhead et al. (2010) contend that decreasing persistence of daily
temperatures during spring, as measured by a significant downward trend in the day-today autocorrelation of afternoon air temperature in the previous 15 years in their study
site, could contribute to perceptions of increasing weather variability and uncertainty in
the Arctic.
A study of rural residents in Sakha, northeastern Siberia, found that residents were
directly experiencing and perceiving local climate change (Crate 2008). In a survey of
residents, 90 percent of respondents expressed concern about local climate change and
reported that they were experiencing changes that were outside the range of their experience. Local climate changes were manifested as increasing weather variability and
difficulty in weather prediction, changing seasonal timing, greater humidity during
summer, the movement of new insect species from the south, more winter snow, and land
subsidence. As in other research on local climate knowledge, Crate (2008) found that
observations of local climate change were tightly linked to its effects on livelihoods, in
this case its effect on hay harvests.
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Recent research has also shown differences in local climate knowledge within Arctic populations. In the Seward Peninsula of Alaska, Alessa et al. (2008) report a widening
gap between older and younger generations’ perceptions of change in freshwater availability, a gap that cannot be fully explained by recorded changes in temperature or
precipitation. The authors argue that traditional ecological knowledge in the form of a
continuous oral history can magnify the ability of current generations to detect climate
change by extending the community’s memory of climate back through time, while gaps
in oral history can threaten local resilience.
2.2.5

Summary
As described above, there are a wide range of place-based case studies examining

local climate knowledge and perceptions of climate change. These studies have occurred
in diverse climates and environments, from the Arctic to the tropics, and in both developed and developing countries. Several trends emerge from examining this diversity of
studies. First, people across the globe are experiencing and perceiving a variety of
changes in their local climate and weather. Many of these changes are observed through
changes in the landscape (e.g. decreased river flows), the seascape (e.g. sea ice loss), or
among flora and fauna (e.g. species disappearance or altered phenology). Some of these
changes are also observed directly, such as in changes in seasonal timing or the frequency
of extreme temperature and precipitation events. In general, the changes that are observed
seem to be tightly linked to their impact on local livelihoods. For example, altered
precipitation timing is highly salient for people who rely on rainfed agriculture in tropical
and dryland climates, making changes in precipitation more noticeable than changes in
temperature, except where temperature changes also affect livelihoods, such as in regions
where crops are highly dependent on evapotranspiration rates. Some trends are also
evident in the structure of how people perceive weather events: people seem to recall
extreme weather events more easily than they are able to perceive gradual climate trends
(Osbahr et al. 2011). Indeed, the importance of recent experience in the perception of
long-term trends has been repeatedly shown in studies of farmers (Smit et al. 1997;
Weber 1997; Bryan et al. 2009; Deressa et al. 2009; Rao et al. 2011). In addition, a large
source of perceptions of local climate change arises from recognizing changes in seasonal
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timing, a variable that can be more easily compared between years. Gradual changes can
be recognized over the long term, for example, by shifts in planting and harvest times.
The vast majority of studies indicate that people are perceiving change in their local
climates, and careful examination of instrumental records shows local perceptions to
often reflect instrumental data (Taylor et al. 1988; Maddison 2007; Thomas et al. 2007;
Deressa et al. 2009; Tschakert et al. 2010; Osbahr et al. 2011; Rao et al. 2011). However,
perceptions are not always reflected in quantitative measurements from meteorological
stations. For example, the perception of increasing or decreasing precipitation may not be
directly tied to a change in the total accumulated precipitation as recorded by a meteorological station, but a change in the frequency of extremes or timing of precipitation
(Roncoli et al. 2002). It can thus be problematic to attempt to characterize the accuracy of
local climate perceptions when people may not be referring to the same phenomena that
are measured by instrumental records.

2.3 Weather perceptions and preferences
2.3.1

Historical perspectives on the perception of weather
Historical research on the role of weather in society and culture has shown that

humans’ understanding and perception of weather and climate have shifted over time.
The relationship between individuals and the weather they experience is highly dependent on economic, cultural, and technological factors. Technological adaptations can
reduce the hazards of certain weather conditions, such as the use of air conditioning
during heat waves, and potentially reduce the salience of such weather events to people’s
daily lives. Individual perceptions of similar weather conditions are not fixed, but dependent on a set of external factors. This section summarizes several research findings on
how the relationship between societies and their local weather and climate has changed
over time.
Meyer (2000, 2002) provides a detailed history of the relationship between residents of the United States and their local weather from the colonial to the modern period,
showing that understandings and experiences of indoor and outdoor climatic conditions
have changed dramatically over the past four centuries. The climate has changed measurably in parts of the U.S. over the same period, most recently due to global warming and
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urban heat island effects, but also due to the end of the Little Ice Age and the onset of
industrialization. However, Meyer argues that Americans’ experiences and perceptions of
climate have changed considerably more than any changes in external conditions. A
characteristic example is the shift in indoor thermal climate and thermal comfort over
time:
A drastic warming [in the American domestic climate] between
1815 and 1960 in the northern United States raised indoor winter temperatures far higher than they had been. Adopting new devices and new fuels
for home heating had the effect, a largely unforeseen one, of giving Americans a taste for far warmer interiors than they had once found comfortable
(Meyer 2000, 74).
The warming of the indoor climate in the United States was heavily dependent on
the availability of technology and the choice of whether to adopt certain technologies. For
example, Americans long resisted the introduction of the enclosed stove for heating (in
part due to its origin in eastern and central Europe) until the mid 19th century, instead
preferring inefficient open fireplaces and drafty structures. Once firewood became more
scarce, more Americans adopted the enclosed stove and became accustomed to the
warmer conditions they created indoors (Meyer 2000). This change in preferences over
time was also evident between places. Americans adopted the enclosed stove more
quickly than the British, and travelers from Britain in the U.S. complained about stifling
heat indoors during winter months. Likewise, Americans accustomed to warmer living
spaces wrote in letters about the continual chill they experienced while visiting Britain:
[T]he indoor climate had its global patterns just as the outdoor climate did. But that expectations and standards could also differ from place
to place was the last possibility that most travelers were ready to entertain.
They brought climatic determinism indoors; they assumed that a feeling of
comfort or discomfort was dictated directly and simply by the temperature
of the air. Few could free themselves of the belief that a pleasant indoor
climate—however difficult it might be to provide in certain settings—was
a human universal represented by their own preferences. Most ended up
wondering why other people perversely kept themselves too cold or too
hot even when they did not need to (Meyer 2000, 80).
The belief that human thermal preferences and comfort are universal continues to
be widespread, with implications in architecture for example that impose universal
standards for heating and cooling across vastly different climates (discussed in the
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following section). The implementation of such universal standards may also be leading
to more homogenous thermal comfort preferences (Meyer 2002).
Observers across history tended to believe that their own climate was different
from that of their ancestors, but Meyer contends that beliefs about climate are not necessarily direct reflections of experience. Weather phenomena and their utility in different
seasons have changed drastically with changes in the economy, technology, and transportation. For example, winter in the northeastern U.S. during the revolutionary period was
the season when land transportation was easiest. With the use of horse-drawn sleighs,
heavy loads were easiest to transport over the reduced friction surfaces of snow and ice
rather than over unpaved roads in horse-drawn carriages. However, the introduction of
the railroad, and later the automobile, transformed snow and ice from a utility into a
hazard for transportation (Meyer 2000). Such weather hazards, as with other natural
hazards, are only perceived as hazards because of how human societies interact with
them.
Population and demographic changes have also affected the climate experiences of
U.S. residents. The populations of states in the southern and western U.S. grew disproportionately to the rest of the country during the 20th century, in part because their
climates began to be perceived as more favorable. California and Florida grew as tourist
destinations in part because their climates were seen as amenities:
The greatest change in American climate as a resource in the early
twentieth century was the striking rise in its values as an amenity, the
greatest change in its influence on migration its shift from a factor in production to one of consumption…The years following World War II saw
the first mass movements in American history of people who were seeking
agreeable weather for daily life (Meyer 2000, 140).
Over time, American experiences and perceptions of weather and climate have
shifted with the adoption of new technologies and for economic reasons. The perception
of climate as an amenity, and its influence on migration and tourism, was in part made
possible by the expansion of the middle class in the U.S. and more extensive access to
leisure activities. The migration to the Sun Belt shifted how much of the U.S. population
experienced their climate. “If the average citizen’s surroundings defined the national
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climate, then the United States grew markedly warmer and drier in the postwar decades”
(Meyer 2000, 173).
While experiences and perceptions of climate and weather have transformed over
time, expectations about climate have also changed as people have acquired new sources
of local climate knowledge. Early climatology was based on the assumption that latitude
was the sole influence on climate (Edwards 2010). This assumption led to unfortunate
consequences for European settlers of North America, who expected the climate of
Newfoundland to resemble that of Paris, which shares roughly the same latitude, and the
climate of New England to be similar to that of Rome (Kupperman 1982). These expectations persisted even after settlement, as colonists assumed that the weather patterns they
were experiencing must be anomalous. Similarly, settlers of the midwestern and western
U.S. assumed that places directly to the west at similar latitudes would have similar
climates to those in the eastern U.S., and thus would be amenable to the crops and
agricultural practices they were used to. These assumptions are evident in early settlement patterns, as people tended to migrate directly westward along parallels (Meyer
2000). These strategies failed as the frontier of agriculture moved west into semi-arid and
arid regions of North America, and farmers became increasingly vulnerable to drought.
Farm failures due to incomplete adaptation to the local climate were common during the
settlement of the Great Plains. These failures were partly due to a lack of reliable local
climate knowledge as well as an overemphasis on recent experience, since early settlement occurred during a period of unusually high precipitation (Libecap and Hansen
2000). Even those who were aware of the region’s aridity assumed that the transformation of prairie to cultivated land would bring a more favorable climate with the
widespread belief that “rain follows the plow” (Libecap and Hansen 2000; Meyer 2000).
As discussed above, these incomplete learning processes associated with local climate
knowledge continue to be hazards, as research shows that people continue to overemphasize recent experience in their perceptions of local climate (Hansen et al. 2004).
2.3.2

Weather and the senses: human biometeorology
While the historical research described above has found that human perceptions of

weather are in part socially constructed, other research in the field of human biometeor-
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ology has since the mid-20th century attempted to quantitatively describe universal human
sensations and preferences for a range of environmental conditions associated with the
weather, such as temperature, humidity, wind, and solar radiation. Much of this research
examines sensation—the detection of an environmental stimulus—regarding weather
variables rather than the higher order process of perception—the interpretation of environmental information. Laboratory studies have exposed participants to a range of
conditions and asked them to judge the conditions that they find optimal or neutral. Other
studies have asked participants in real-world situations, such as office buildings, to
provide similar estimates. Findings from these types of research are used in building
heating and cooling specifications and automobile design, for example. This research
shows that humans are finely attuned to differences in atmospheric conditions even
within the built environment. Furthermore, individual perceptions and expectations have
a role in how these conditions are experienced, such that the same conditions may not be
experienced in the same way by different people, or even by the same person at different
times. As discussed below, this evidence suggests potential limitations for the ability of
individuals to identify long-term gradual changes in their experience of climate.
Regarding thermal sensation, reductionist laboratory studies have resulted in standards for an optimal ambient temperature of 22 ºC (Hitchings 2011). These standards,
when implemented in buildings throughout the world in places with vastly different
environments, have considerable impacts on energy use and indirectly increase greenhouse gas emissions. However, field research in real world situations has found that
human thermal preferences are seasonal- and place-dependent, and influenced by available technology and behavior, in ways that undermine the utility of a universal global
standard (de Dear and Schiller Brager 2001). A large international study showed that the
ambient temperature that people perceive to be neutral indoors depends on the outdoor
temperature and the kinds of climate control technologies in use in their building (de
Dear and Schiller Brager 2001). In non climate-controlled buildings people tend to
exhibit a wider tolerance for higher or lower temperatures (Brager and de Dear 1998). De
Dear and Schiller Brager (2001) use these results to develop an adaptive standard of
thermal comfort that varies depending on the outdoor air temperature, with a model that
can be expressed as:
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Comfort temperature (ºC) = 0.31 * (mean outdoor monthly air temperature) + 17.8

The model is applicable to a range of outdoor air temperatures from 5 ºC to 33 ºC.
Using such as adaptive model, mean temperatures for thermal comfort can range from
approximately 19 ºC to 26 ºC indoors, depending on the outdoor air temperature (de Dear
and Schiller Brager 2001). When expanding the range to account for 80 percent acceptability, indoor temperatures may be as low as 16 ºC or as high as 31 ºC. The adaptations
people use for various levels of thermal comfort depend not only on clothing preferences,
but also psychological acclimatization (Brager and de Dear 1998). Furthermore, people
working in buildings that are naturally ventilated tend to prefer wider ranges of thermal
comfort, possibly due to differences in perceived control of the surrounding environment
and comfort expectations (Brager and de Dear 1998).
There are a range of studies aimed at characterizing the thermal environment, thermal comfort, and stresses experienced by populations in different climatic contexts, both
indoors and outdoors (e.g. McGregor 1995; Spagnolo and de Dear 2003). Hitchings
(2011) reviews studies from Asia, Oceania, Europe, and North America on how people
perceive and control their day-to-day experience of outdoor and indoor temperature.
Although there is place-based variation in how people adapt to their local climate, most
societies are moving towards a greater reliance on indoor air conditioning that disconnects people from their outdoor climate. In regions where people spend increasing
amounts of time indoors in thermal environments decoupled from the external environment, decreasing experience with local atmospheric conditions may inhibit the ability of
individuals to detect changes in their local climate (Hitchings 2011).

2.4 Analogs to climate perception
Does the temperature today tell you anything about whether the climate is warming
or cooling? Does the price of milk give you any indication of the state of the U.S. economy? This section discusses the perception of economic change as a useful social analog
to perception of climate change. The study of analogs to climate change may provide
insights into how humans perceive, form beliefs, and react to problems that are broadscale, gradual, and have distributed and delayed causality. By conceptualizing climate as
the unobservable set of underlying long-term physical processes that influence our daily
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weather experiences, and the economy as the unobservable set of underlying social
processes that influence our daily economic transactions, then a comparison between how
humans perceive such unobservable physical and social processes may be useful. In each
case, the observable indicators of each phenomenon can be used as evidence of trends or
changes in the underlying processes. Similarly, experts have developed techniques and
models for measuring and predicting changes in the economy or the climate that may or
may not be accounted for by individuals when they form attitudes or beliefs about
whether the process is changing. Changes in both climate and the economy increase the
risk of secondary hazards that occur in the short term at more local scales. Climate
change may increase the risk of extreme precipitation events, for example, and an economic downturn may increase the risk that large corporations will go into bankruptcy and
lay off workers. Both climate and the economy also do not exhibit homogeneous spatial
patterns: the spatial distribution of communities affected by an economic recession may
be quite heterogeneous with winners and losers distributed between areas, likewise the
distribution of areas affected by climate change is projected to have wide spatial variation. Based on these similarities, this section makes the comparison between climate
perception and economic perception. The comparison to economic perception will draw
on research in political science that analyzes how people vote in response to various
sources of information and beliefs about the state of the economy.
If climate change is understood as a gradual shift in the underlying distribution of
probabilities of weather or other extreme events in places across the globe, then perhaps
one of the best social analogs for how such shifts may be perceived is the concept of
economic voting. Individual vote choice is a case where people make decisions even
though they themselves will have a small chance of affecting the outcome of an election
and the ensuing economic policies enacted by governments. Likewise, individual decisions to change one’s behavior to reduce greenhouse gas emissions have a small impact
on the overall course of global warming. However, the cumulative impact of individual
decisions in each case determines the overall outcome.
Just as the individual contributions to the outcomes of economic voting and climate
change mitigation is limited, the ways that individuals obtain information about the two
processes are similar. People continuously and passively gather information about the
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state of the economy through their daily economic transactions. Likewise, people passively gather information about the state of the climate in their daily experience of
weather. In each case, an extreme event may lead to a biased perception of the state of the
broader process. For instance, losing one’s job may lead an individual to overestimate
their evaluation of the magnitude of an economic recession, and experiencing a 100-year
flood may lead to overestimates of the severity of climate change. In contrast, seeing a
new business open in one’s neighborhood or experiencing an unseasonable blizzard could
lead to underestimates of the severity of risk from an economic recession or climate
change, respectively. Furthermore, studies of risk perception, which have contributed to
research on how people understand climate change, often draw on original research on
the perceptions of economic risks. For example, the early risk perception research on the
recency effect and the availability heuristic that described people frequently overreacting
to current information and tending to ignore or underweight prior information was first
conducted with securities markets, which typically react excessively to current information (Tversky and Kahneman 1973; Arrow 1982). These studies were since adopted to
explain perceptions of natural hazards based on experience, and later of climate change
(Slovic et al. 2000)
For economic voting, two theories grounded in rational choice may explain individual decision making: egotropic voting and sociotropic voting (Lewis-Beck 2006).
Egotropic voting is the hypothesis that people vote based on their personal economic
experience, choosing their vote based on what they believe will maximize their personal
welfare. Sociotropic voting, on the other hand, is the hypothesis that people vote for
politicians based on their perception of the state of the whole economy, choosing their
vote based on what they believe will maximize overall social welfare (Lewis-Beck and
Paldam 2000). Egotropic voting is also termed pocketbook, egocentric, or personal
voting. A long tradition of research in political science has shown that economic conditions can reliably predict the results of elections. Various hypotheses have been proposed
for these results, with contradictory support for both the sociotropic and egotropic
perspective still being debated (e.g. Lewis-Beck 2006; Edlin et al. 2007; Killian et al.
2008). In each case, the tendency of people to vote based on egotropic or sociotropic
considerations seems to be related to the origin of their beliefs about the state of the
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economy, and whether those beliefs are constructed from personal experience or descriptive information. In this way, economic perception mirrors the perception of climate
change. Beliefs about climate change can rely to varying extents on personal experience
or descriptive information, and the resulting behaviors that arise from those beliefs
sometimes have opposite characteristics. For example, an individual who relies on her
experience of an unusual winter snowstorm to justify climate change skepticism would
exhibit opposite behavior from one who relies on experience of a summer heat wave to
justify belief in climate change. Depending on the source, descriptive information can
also provoke opposite reactions.
2.4.1

Egotropic voting
Early theories grounded in the egotropic perspective assumed that people experi-

ence economic conditions directly in the form of layoffs, pay cuts, consumer price
increases, borrowing difficulties, or inflationary/deflationary trends, and that those who
experienced these pressures were more likely to vote for the opposing party in elections.
Part of the justification for this model was that the individuals who were directly experiencing the effects of economic decline were interpreting their experiences as signals
about the state of the whole economy, and thus these individuals were likely to perceive
the state of the whole economy as worse than those who were not directly experiencing
such effects (Lewis-Beck and Paldam 2000). Research does show that individual variation in economic perceptions correlates with objectively measured variations in the
condition of the economy (Ansolabehere et al. 2008). The argument for egotropic voting
is persuasively supported by Downs (1957), who used rational choice theory to explain
individual voting patterns as being informed by economic interests. The basic model of
voter rational choice provided by Downs (1957) holds that in the case of each voter
having perfect information, individuals would compare the expected utility of opposing
parties winning an election, and the utility differential would determine vote choice. The
party that promised the maximum welfare to the individual would earn his or her vote.
Much of this utility calculation has to do with the economic policies that either party
would implement if elected to office. In the real world, voters do not have perfect information, so they must obtain cues about the economic policies of political parties by
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observing the state of the economy under the party in power and making judgments about
alternative states of the economy if another party were in power. However, individuals
have few incentives to invest time in obtaining information about the state of the overall
economy to make a single vote choice. Instead, as the argument for egotropic voting
goes, people gather economic information only when it aids in making personal economic decisions. This information is then used to inform their political decisions
(Ansolabehere et al. 2008).
2.4.2

Sociotropic voting
In contrast to the rational choice calculation of egotropic voting, the theory of soci-

otropic voting holds that people make political decisions based on a calculation that
maximizes the utility for society rather than their personal utility (Kinder and Kiewiet
1979). In sociotropic voting, individuals base their perceptions of the state of the entire
economy on descriptive information received through media and interpersonal channels,
and such information carries substantially more weight in their evaluation of the state of
the economy—and ultimately their vote—than their personal economic experience
(Ansolabehere et al. 2008). Examples of this type of information are unemployment rates,
statistics about GDP growth or loss, or stock market indices. More overall support has
been found for sociotropic voting in political science research, with most studies showing
that voters’ subjective perceptions of the overall state of the economy being more strongly correlated with vote choice than personal economic circumstances (Lewis-Beck and
Paldam 2000), although contradictory examples are still reported in the literature. Recent
work has attempted to bridge the two explanations and shown that both explanations may
contribute to voter turnout and vote choice. For example, one study has shown that
negative relative evaluations, or individual’s negative comparisons of their own economic status to society at large, stimulates voter turnout more than the perception that one is
benefiting from economic conditions (Killian et al. 2008).
2.4.3

Economic perception as an analog to climate perception
A benefit of using economic perception as an analog to long-term anthropogenic

environmental risks such as climate change is that the behavior that results from percep-
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tions of the economy, i.e. vote choice, is directly observable and measurable at fine
spatial scales or even at the individual level via exit polls or surveys. In contrast, behavior
that results from perceptions of climate change is harder to measure. The range of behavior changes that individuals can make in response to their beliefs about climate is vast
(Gardner and Stern 2008; Dietz et al. 2009), and most surveys do not ask respondents
about all possible behavior changes. However, survey instruments used to measure
individual economic perceptions are quite similar to those used to measure individual
climate perceptions. The most common individual-level data on national economic
perceptions is from questions about retrospective economic evaluations, such as asking
respondents “whether the national economy is better, worse, or about the same as a year
ago” (Ansolabehere et al. 2010, 3). This echoes survey questions about the current
impacts of climate change, such as: “As far as you know, would you say that average
temperatures around the world have been higher in the last three years than before that,
lower, or about the same?” (Krosnick et al. 2006). Both questions ask respondents to
make evaluations about changes in broad-scale processes. As has been shown in the
literature on economic voting, people often make evaluations about the state of the
broader economy based on personal and local economic conditions. Likewise, it follows
that people may make similar evaluations about the state of the global climate based on
personal and local weather conditions.
While the economy and the climate are both broad underlying processes, the shortterm outcomes of these processes can occasionally have catastrophic effects on individuals and communities. For example, participation in the economy, whether by individuals,
corporations, or institutions, brings with it inherent risks such as the hazards of default by
lenders, job losses, or bankruptcy. The climate creates risks for society in the form of
natural hazards like hurricanes, heat waves, or droughts. Individual-level information
about the state of the economy might be obtained from price fluctuations of goods and
services, wages, or interest rates, among others. These signals can be interpreted over a
range of time spans, from daily changes to weekly, monthly, or yearly variations. The
time span over which such signals are aggregated, however, depends on human memory
and recall. Similarly, individual-level information about the state of the climate can be
obtained from, for example, personal temperature perception, experiences of precipita56

tion, wind, or humidity, and secondary signals from plants and animals like growing
season length. All of these indicators, both economic and climatic, are personally observable through direct experience. However, they are noisy and imprecise measurements of
underlying processes and thus prone to high rates of uncertainty and error.
The Downs (1957) model of economic voting, supported by Ansolabehere et al.
(2010), states that people have limited incentives to seek out detailed information about
the state of the broader economy, and thus use personal or local economic circumstances
in their evaluations. This claim seems to be supported by modern dual-route/dual-process
theories of information processing and behavior, which hold that people rely on experiential information when they do not have the ability or incentive to process descriptive or
analytical arguments. This is the case, for example, in the Elaboration-Likelihood Model
of persuasion (Petty and Cacioppo 1986) and the contemporary System 1/System 2 model
(Kahneman 2003b). Research in climate change perception seems to support the position
that experiential factors strongly influence support for mitigation policy, and those who
believe they are experiencing the effects of climate change are more likely to be concerned about it and to support mitigation efforts (see section 2.7 for a detailed
discussion). For example, a self-reported increase in local temperature among U.S.
residents predicted a significantly greater probability of believing in the existence of
global warming (Krosnick et al. 2006). The opposite case, when experience might lead to
lower levels of concern about climate change, also has support: a majority of respondents
to a 2010 survey in the U.S. replied that the major snowstorms of the previous winter
“made me question whether global warming is occurring” (Leiserowitz et al. 2010).
In the analog to global climate change, sociotropic voting would be akin to forming
beliefs about whether the climate is changing and deciding to carry out mitigation behaviors based on one’s overall evaluation of the state of the climate. Such evaluations would
no doubt be informed to some degree by information from the media and expert assessments. In contrast, egotropic voting would be more akin to forming beliefs about climate
change based on one’s experience of local weather. As with economic perception, it
seems likely that both egotropic and sociotropic considerations affect individual’s decisions in response to climate change. Authors have suggested that communication of
climate change risks can be improved by focusing on experiential and visceral examples
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over basic description, based on extensive research in the psychology of risk perception
(e.g. Weber 2006; Marx et al. 2007). Such appeals should emphasize both descriptive/analytical and affective/experiential messages. However, for climate change the
comparison of sociotropic versus egotropic intentions has some important implications. If
people tend to behave more from an egotropic perspective when deciding to make
personal mitigation efforts, support mitigation policies, or vote for political leaders who
favor such actions, then the egotropic view would suggest that people would only support
mitigation if they believe that climate change is currently affecting their personal welfare
or will affect their personal welfare in the future. Based on current survey research on
climate change, it seems that many citizens of developed countries share the egotropic
perspective (Leiserowitz 2007; Leiserowitz et al. 2006, 2009; Lorenzoni et al. 2006;
Malka et al. 2009; Krosnick et al. 2006). While the current perception of climate change
among many people seems to be egotropic, there is some evidence that people can be
persuaded to shift their behaviors in support of a more sociotropic perspective. For
instance, the research on economic perception has some parallels to research on the
psychology of environmental problems. Research by Uzzell (2000) and Gifford et al.
(2009) on the concept of environmental hyperopia indicates that people may actually
make their evaluations of global environmental issues based on their perceptions of the
issue’s effects at broader scales and on more distant places, exhibiting a sort of spatial
optimism bias. I am not aware of research that directly studies the concept of spatial bias
in perceptions of the state of the economy, but broader work on optimism bias in general
suggests that people would be similarly likely to rate their personal or local economic
situation more optimistically than the economy of broader scale entities such as their
country or the world (Weinstein 1989). There is also extensive research on temporal
discounting of money, which could be read as a sort of inverse temporal optimistic bias
whereby people are more likely to rate their future economic circumstances more optimistically than their current economic circumstances.
Considering the widespread similarities between the economy and the climate in
terms of human perception, it seems reasonable to assume that studies of economic
perception and behavior would be able to inform research on how we perceive and react
to climate change. As Ansolabehere et al. (2010) note, there has been widespread atten58

tion to the motivations behind economic vote choice in political science, but less attention
has been paid to how people obtain information about the economy. The two primary
theoretical perspectives—egotropic vs. sociotropic voting—may hold clues as to how
people may behave in response to climate change. If people tend to display an egotropic
perspective, it would indicate that personal experience of the impacts of climate change
would be required to stimulate individual mitigation behaviors, since those behaviors
would be driven by motivations to maximize personal utility. By contrast, if sociotropic
responses are the norm then all that is required is better descriptive information about the
effects of climate change on society, prompting people to act in ways that maximize
overall social welfare. The true characteristics of individual climate change perception
are likely to lie somewhere in between the egotropic and sociotropic perspectives,
although further research should attempt to clarify how those perspectives might differ
between individuals, groups, or countries. Such research could greatly benefit future
efforts to design effective risk communication messages about climate change.

2.5 Perceptual challenges of global climate change
Global climate change is a particularly intractable environmental problem for society. Much of the difficulty in responding to climate change through mitigation and
adaptation has to do with how humans perceive climate change, form beliefs and attitudes
about climate change, and convert those beliefs and attitudes into behavioral adjustments
that ameliorate the problem. The behaviors that result from our perceptions, beliefs, and
attitudes about climate change are a result of the particular characteristics of the climate
change problem and how those characteristics influence perceptions, beliefs, and attitudes. There appear to be three interconnected facets of climate change that present
challenges to effective mitigation and adaptation, each of which can be at least partially
explained by the ways that the human mind processes information. These facets are 1) the
long-term, chronic, gradual nature of climate change and the challenge of adjusting to
new probability distributions for infrequent events; 2) issues of scale, both temporal and
spatial, in the pattern of consequences of climate change; and 3) complex causality: the
distributed nature of greenhouse gas emissions and the delayed nature of their impacts.
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Human behavior has caused climate change, and human behavior will determine
the future extent and magnitude of the impacts of climate change on ecosystems and
society. Because psychology can help to explain the processes that underlie why we
behave as we do, it can potentially explain why we have failed thus far in sufficiently
mitigating or adapting to climate change. As such, there is extreme benefit in understanding beliefs and perceived risks of climate change, human behavioral contributions to
climate change, and the conceptualization of adaptation and how people adapt to climate
change and limit emissions of greenhouse gases. This section addressed these contributions with examples from past research in psychology, organized around the three facets
of climate change outlined above that seem to pose the greatest challenges for humans in
understanding and responding to climate change.
2.5.1

The long-term and gradual nature of the risk
Climate change is a long-term, gradual, and chronic hazard, which creates substan-

tial perceptual challenges for humans. Psychological research can help to explain why the
long-term nature of climate change is problematic for risk perception. Current understandings of risk perception point to it being influenced by both analytic processes and
intuitive or affect-based processes, with each process given relatively more or less weight
depending on the individual, situation, and available information. Multiple models of
information processing, attitude formation, and persuasion have been proposed that use
such a parallel representation to explain perception, belief, and behavior. Examples of
such dual process or dual system models are the risk-as-feelings model (e.g. McGregor
1995), System 1–intuition vs. System 2–reasoning (Kahneman 2003a), the central vs.
peripheral routes in the Elaboration Likelihood Model (Petty and Cacioppo 1986), the
Heuristic-Systematic Model (Chaiken 1980), and others (Chaiken and Trope 1999).
Many of these models have arisen to explain deviations from expected behaviors
predicted by rational choice theory and decision-making based on calculations of expected utility. Rational choice theory assumes that 1) people make decisions according to
their rational self-interest, and 2) people have access to perfect information. In the real
world, people make decisions that may be described as irrational according to rational
choice theory, and behavioral economists and psychologists have offered various expla-
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nations for these deviations from rationality. The notion of bounded rationality (Simon
1982) was used by Tversky and Kahneman in their early work on cognitive biases and
heuristics that reveal systematic deviations from rational behavior in various settings
(Tversky and Kahneman 1973, 1974). Biases and heuristics such as availability and
representativeness all have potential implications for human perception of long-term
climate change (section 2.6, below, contains more detail the role of heuristics and biases
in risk perception). The availability heuristic, in which people perceive the probability of
an event based on how easily examples come to mind, potentially explains the vital role
of personal experience in risk perception of natural hazards (Slovic et al. 2000). Lack of
personal experience with climate change can potentially dampen feelings of concern due
to the availability heuristic (Weber 2006). The representativeness heuristic, whereby
people judge probabilities of an uncertain event based on the probability of a comparable
known event, may also play a significant role in perception of climate change. The
representativeness heuristic seems to play a role in base rate neglect or the base rate
fallacy, which explains why people sometimes fail to account for prior probabilities when
evaluating conditional probabilities (Koehler 1996). Applied to climate change, the base
rate fallacy may explain why people seem to assign an inordinate weight to unusual
short-term weather events when evaluating the probability of long-term climate change.
Since climate change involves the shifting of probability distributions for expected
weather indicators, it follows that a Bayesian interpretation of probability information
would lead one to use the information contained in a single weather event to update their
judgment of the future probability of such an event. However, predictions from the base
rate fallacy indicate that people should place greater weight on more recent events than
would be optimal and place less weight on the prior probability of a weather event based
on their long-term experience.
More recent research on risk perceptions within the psychometric paradigm has
given a more prominent role to affect and intuitive processes (e.g. Loewenstein et al.
2001; Slovic et al. 2004). For climate change, implications of this research are that
communication should emphasize vicarious experience to facilitate intuitive understanding of probabilities (Marx et al. 2007). However, because future climate change is a longterm process that may lead to conditions outside the range of past experience, there may
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be limits to the role of personal experience in climate change communication (Stehr and
von Storch 1995).
More broadly, environmental psychology has considered a probabilistic approach
to understanding human perception from the early days of the field, for example, in the
probabilistic functionalism introduced by Egon Brunswick (Brunswik 1955). The theory
of probabilistic functionalism maintains that the environment provides a great number of
perceptual cues that humans must interpret and prioritize to function effectively. The
many cues that are available provide differing levels of information, and often only very
few are useful and should be paid attention to. The probabilistic nature of the theory lies
in the notion that perceptual cues provide neither perfect nor imperfect information for
the observer, but instead have relative probabilities of containing accurate information
about the actual state of the environment (Gifford 2007). For the psychology of climate
change, the probabilistic functionalism approach can potentially help explain how
humans perceive the effects of climate change in their daily lives and form beliefs about
whether their ambient environment is changing. The process of perceiving climate
change involves the identification of perceptual cues, in the form of everyday weather or
extreme events, that reveal accurate information about conditions that are not directly
visible to humans, namely the long-term change in probabilities of weather and extreme
events.
2.5.2

Issues of temporal and spatial scale in risk and behavior
The scale of the impacts of climate change across space and time make it difficult

to fully perceive the scope of the problem. A major challenge when addressing climate
change is that the worst impacts will occur years and decades into the future. People have
a tendency to discount the utility of a benefit the more distant in time it is. Likewise,
people discount risks if they are expected to occur farther into the future.
Across time, climate change is projected to affect future populations much more
than those living now. However, people do not regard long-term impacts in the future
with as much concern as short-to-medium-term impacts. Such temporal discounting
presents challenges for climate change mitigation because the choice of discount rate can
severely influence the choice of behavior to achieve optimal utility. However, some
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psychological research indicates that environmental problems such as climate change
may be less subject to temporal discounting than other issues (Gifford 2008). Temporal
non-discounting seems to occur more often for environmental risks than for financial or
health risks, for example (Gattig and Hendrickx 2007). This research suggests that people
weigh uncertain, delayed, distant outcomes more heavily (i.e. they discount less) if the
outcomes are caused by humans and if the consequences are not confined to those who
caused the risk (Gattig and Hendrickx 2007).
Climate change operates across spatial scales, with some causal and consequential
processes of climate change occurring at certain scales and not at others (Wilbanks and
Kates 1999). Research in psychology has touched on how spatial perceptions can influence beliefs about environmental problems and ensuing environmental behavior. Early
psychological research on the spatial aspects of environmental concern showed that
environmental concern is influenced by assessments of local environmental conditions.
Environmental concern was thought to be a local phenomenon stemming from issues
such as nearby air and water pollution, concerns that are “concrete and immediate”
(deHaven-Smith 1988, 295). The notion of individuals forming environmental attitudes
based on local concerns is shared with results from research on risk perception of visible
hazards, such as nuclear plants or terrorism targets, that shows a measurable proximity
effect in increasing levels of concern about the hazard (e.g. Preston et al. 1983; Fischhoff
et al. 2003; Glatron and Beck 2008; Woods et al. 2008). Perceiving environmental
problems locally may also be influenced by feelings of social identity and place attachment. Bonaiuto et al. (1996) found that identification with one’s locality or nation
strongly predicted variance in perceived level of pollution.
Research that indicates that environmental concern is driven by local problems has
troubling implications for the broad-scale and global nature of climate change. However,
more recent research in psychology has shown different patterns of concern about environmental problems, namely that people show more concern for global problems than
local ones. In a series of three studies in four countries, Uzzell (2000) studied how people
rate the seriousness of seven different environmental problems across spatial scales.
Results showed an inverse distance effect whereby environmental problems were seen as
more serious at broad scales rather than local scales (ranging from the individual to the
63

town, country, continent, and the world). Uzzell terms this pattern environmental hyperopia (Uzzell 2000). Extending this research, Gifford et al. (2009) surveyed residents of 18
countries, asking them to rate current and future environmental quality across three
spatial scales (local, national, and global). The aggregate results were consistent with
Uzzell’s findings of environmental hyperopia, revealing what Gifford et al. (2009, 6)
term an “optimistic spatial bias” among the citizens of the majority of countries surveyed.
An optimistic spatial bias was also found in a study by Yarnal et al. (2003) of Pennsylvania residents, which found greater support for greenhouse gas mitigation policies when
the issues were framed nationally rather than locally. Whether there is a proximity effect
or an optimistic spatial bias in human perception of climate change has implications for
the communication of climate change risk. The predominance of a proximity effect could
imply that climate change communication should focus on risks to individuals and their
local communities, while the predominance of an optimistic spatial bias could imply that
messages should emphasize visible high-impact events in other parts of the world. The
weight given to either of these hypotheses seems to hinge on whether climate change is
interpreted as an environmental problem, as in the optimistic spatial bias research, or a
risk, as in the proximity effect research.
2.5.3

Complex causality: implications for adaptation and mitigation
A distinguishing feature of climate change as an environmental problem is its com-

plex causality. Greenhouse gas emissions are caused by individuals and institutions
around the world that are all partially responsible for the impacts caused by their emissions. However, the magnitude of causality is decoupled from the magnitude of
consequences—those who emit the most will probably not face the greatest threat,
because the heaviest emitters have greater access to resources to adapt and reduce their
vulnerability. In addition, greenhouse gas emissions are caused by a wide range of
activities in various economic sectors, including transportation, energy production, and
agriculture. This complex causality is further extended by the delay effect inherent in the
contribution of greenhouse gases to atmospheric warming and other climate system
changes. Research in psychology provides some explanations as to why such complex
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causality poses challenges for mitigation, and how to overcome those challenges and
promote more effective mitigation and adaptation behaviors.
Social context and social norms can be a key factor in promoting effective individual mitigation and adaptation behaviors. Social norms can have a powerful influence on
human behavior. In studies of environmentally aware behavior, researchers have found
that people tend to adjust their behavior based on their perceptions of the social norms for
the behavior in their community. Several expectancy-valence models of behavior at the
individual level include an explicit role for social norms as a moderator of attitudes or
behavioral intentions. Valence refers to the perceived attractiveness or aversiveness of an
event. Expectancy-valence models predict behavior based on the valences of expected
outcomes of decisions, the valences for the ways of achieving the outcomes, and the
expected effort and success of the outcomes. Such models are consequentialist, because
they assume that people make decisions based on their assessment of the consequences
(Loewenstein et al. 2001). In the Theory of Reasoned Action (Fishbein and Ajzen 1975)
and the Theory of Planned Behavior (TPB) (Ajzen 1991), for example, behavior is a
function of perceived behavioral control (the perceived ability to perform a behavior) and
intention (the readiness to take an action). Intention, in turn, is a function of three components: attitudes about the behavior, subjective norms, and perceived behavioral control.
The subjective norms described in the TPB include an individual’s perception of social
normative pressures, or the beliefs of others that the individual should or should not
perform such behavior. Another example is Triandis’ Theory of Interpersonal Behavior
(Triandis 1977, in Darnton 2008), in which social norms, along with social roles and selfconcept, contribute to the social factors that lead to behavioral intentions. Beyond social
norms, more broadly personal norms can influence environmental behavior (Harland et
al. 1999). Stern’s (2000) Values-Beliefs-Norms model posits that personal biospheric,
altruistic, and nonegoistic values contribute to environmental worldviews or beliefs,
which are moderated by perceived behavioral control and pro-environmental personal
norms before potentially influencing behavior.
Studies have shown that messages that activate social norms have considerable impacts on behavior (Cialdini 2003). In one study of the efficacy of using social norms to
influence environmental behavior, customers decreased their electricity usage when told
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that they were using more than average; when told they where using less electricity than
average, customers increased their usage (Schultz et al. 2007).
A second component of the complex causality of climate change lies in how people
perceive the efficacy of mitigation and adaptation responses. A lack of self-efficacy or
perceived behavioral control can be a substantial barrier to motivation for behavior
change. Protection Motivation Theory (Rogers and Prentice-Dunn 1997), for example,
explains responses to risks as resulting from two processes: threat appraisal, composed of
the probability and the magnitude of harm that would result given no action, and coping
appraisal, composed of response efficacy (the perceived ability to avoid a threat) and self
efficacy (the level of confidence in one’s ability to undertake the response), which
includes the costs of coping action. For climate change, the belief that one person alone is
unable to reduce their risk by mitigating their own greenhouse gas emissions can be a
powerful incentive not to act (e.g. Gifford 2008, 6). The role of behavioral control also
applies to climate change adaptation (Grothmann and Patt 2005). Response efficacy and
self-efficacy, if they act as barriers to adaptation in specific situations, are potential areas
that can be addressed by policy and improved risk communication. Because perceived
behavioral control is so important in stimulating behavior change, strategies that combine
mitigation with adaptation behaviors may be more successful than mitigation behaviors
alone (Klein et al. 2007). Because adaptations often have immediate or near-term tangible
and visible benefits, they may be able to elicit much stronger perceptions of behavioral
control. It is important to note that adaptations to climate change can also involve internal
maladaptive coping processes such as denial or fatalistic responses to risk. If important
elements specified by PMT are missing, such as perceived behavioral control, people
may respond to the climate change threat by denying the risk of climate change or one’s
role in contributing to the risk (Swim et al. 2009, 126).
Finally, as mentioned above, affective processes should be taken into account when
assessing climate change mitigation and adaptation behavior. Although contemporary
dual systems and dual process theories indicate that messages that appeal to the intuitive
system (e.g. the peripheral route in the ELM, System 1, or the heuristic process in HSM)
are effective in stimulating short-term attitude and behavior changes, these attitudes tend
to be weakly held and susceptible to counter-arguments (Petty and Brinol 2008). Individ66

uals responding to these types of messages tend to lack the motivation or ability to
process the information analytically, and instead rely on simple cues to form opinions,
such as the attractiveness or expertise of the source, the number or length of arguments,
and strongly emotional appeals. Appeals that evoke positive emotions tend to be processed by this system. On the other hand, individuals tend to process information
analytically (e.g. the central route in the ELM, System 2, or the systematic process in
HSM) if they have the motivation and ability to consider information deliberatively. Such
processing relies on the content of the information or argument, and they are more likely
to influence behavior if the arguments are considered strong. However, weak arguments
can provoke reactions against the message source and potentially lead to denial. Negative
emotions, such as fear, lead to more analytic processing if motivation is high and the
ability to consider the argument is present (Meijnders et al. 2001).
As Gifford (2008, 1) notes, “the fundamental unit of analysis for the human-caused
portion of climate change is the person.” Psychology is essential to helping overcome the
challenges of climate change identified in this section: the long-term and gradual nature
of the threat, its broad spatial and temporal scale, and the complex nature of its causes.
Such research can help improve our understanding of how these elements have contributed to the creation of climate change as an environmental problem—and our continuing
failure to adequately address the problem.

2.6 Climate change risk perceptions and vulnerability
Vulnerability and risk are both terms used by researchers to understand how humans are affected by and respond to hazards laden with uncertainty such as climate
change. There are multiple definitions of both vulnerability and risk in the research
literature from natural hazards studies, the human dimensions of global change, sociology, economics, and finance, among others. This section discusses the overlaps and
dissimilarities between common definitions of vulnerability and risk used in hazards and
global change research, summarizes the major perspectives on each topic, and describes
several conceptual definitions for both vulnerability and risk. Finally, it discusses the
contribution of perspectives on vulnerability and risk to the study of human perception of
global climate change.
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Risk is a broad concept, but within the academic literature it is almost always understood as a quantitative metric of the probability of a hazardous event occurring (i.e. an
event that harms people or the things they value) and usually also as the magnitude of the
effects of such a hazardous event. Vulnerability, similarly, refers to the extent that people
or systems are susceptible to a hazard, although vulnerability is not always measured
quantitatively. In the language of current vulnerability science, the above definition of
risk is closely aligned with the concepts of exposure and sensitivity. However, in addition
to the portion of vulnerability that is due to the susceptibility to a hazard, contemporary
definitions of vulnerability include adaptive capacity, or the ability of a system to adjust
to or recover from a hazardous event. Taking both of these factors into account, vulnerability is the probability and magnitude of harm from a hazardous event as well as the
capacity to cope with the hazard. In other words, vulnerability can be understood as the
risk of hazardous event plus the ability of a system to recover from that event.
2.6.1

Perspectives on vulnerability
Vulnerability is an indicator of how social and/or ecological systems are suscepti-

ble to climate change or natural hazards and their associated effects. Recent research has
converged around a tripartite classification of vulnerability composed of exposure,
sensitivity, and adaptive capacity (Adger 2006; Füssel 2007). Exposure is the physical or
objective risk of a system or individual; sensitivity is the degree to which it will be
affected; and adaptive capacity is the ability of the system to adjust to the effects of the
stressor (Parry et al. 2007, 883). The three-part exposure, sensitivity, and adaptive
capacity model has been informed by other models developed over the years by hazards
researchers, including the risk-hazard or dose-response model, and the pressure-andrelease model (Turner et al. 2003).
The risk-hazard model of vulnerability describes a dose-response relationship between an external hazard to a system and its effects, where various levels of exposure
would create different levels of risk that would generate different levels of response
based on the characteristics of the exposed system (Burton et al. 1978). Several drawbacks of the risk-hazard model have been cited as the reason for it being superseded by
other explanations, namely that it does not account for system-level amplification or
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attenuation of hazards, and it does not place socioeconomic factors in a prominent role
for shaping vulnerability (Turner et al. 2003).
The pressure-and-release model (PAR) relies on a social constructivist framework,
in which vulnerability is a condition arising from social, political, and economic factors
(Blaikie et al. 1994). In the PAR model, vulnerability results from a progression of
socioeconomic root causes, such as access to power and resources, to dynamic social
pressures such as population growth and urbanization, and to sensitivity factors that
promote unsafe conditions. These socioeconomic root causes combine with the external
reality of hazards to create vulnerability. The PAR model has been criticized due to its
failure to account for the complexities of the coupled human-environment system or the
causality of hazards across scales (Turner et al. 2003).
Synthesizing the risk-hazard and pressure-and-release type models, vulnerability
can be understood as having an “external dimension,” the exposure of a system to climate
variations or other stressors, and an “internal dimension,” a system’s sensitivity and
adaptive capacity to stressors (Füssel and Klein 2006, 306). Additionally, two major
interpretations arise out of the social constructivist perspective of current vulnerability
studies: that of vulnerability as an end-point or a starting point (Füssel 2007; O’Brien et
al. 2004). Vulnerability assessments, especially those conducted within the physical
sciences, often treat vulnerability as the result of climate change without taking into
account adaptive capacity. This perspective can be termed outcome vulnerability, and
O’Brien et al. (2007) argue that it reflects a linear and scientific framing of the problem.
Others interpret vulnerability as a characteristic arising from the coupled effects of social
and natural processes, acknowledging the active agency of vulnerable people (O’Brien et
al. 2004, 1; Pelling 1997). This perspective can be termed contextual vulnerability
(O’Brien et al. 2007). Geographers are most closely associated with research from the
perspective of contextual vulnerability, for example, in such work as Cutter’s hazards of
place model (1996). The IPCC definition of vulnerability1 acknowledges both perspec-

1

“Vulnerability: The degree to which a system is susceptible to, or unable to cope with, adverse effects of
climate change, including climate variability and extremes. Vulnerability is a function of the character,
magnitude, and rate of climate variation to which a system is exposed, its sensitivity, and its adaptive
capacity” (Parry et al. 2007, 883).
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tives, with vulnerability understood as the result of a system’s exposure, sensitivity, and
adaptive capacity.
There are a wide variety of research approaches under the rubric of vulnerability,
and some researchers have concluded that such a diversity of interpretations strengthens
the field (Adger 2006, 277). Studies utilizing a vulnerability framework have varied
objectives and differing subjects, necessitating different interpretations. Füssel (2007,
159) presents a synthesis of contemporary vulnerability research, describing a common
set of definitions for the factors that make up vulnerability. Such a generally agreed-upon
terminology is becoming increasingly needed as work on vulnerability and adaptation
assessment bridges disciplines. Reviewing previous human dimensions of global change
research, Füssel (2007, 157) describes four necessary dimensions for describing a vulnerable system. These dimensions are: 1) the system of analysis should be specified; 2) the
attribute of concern should be identified, i.e. the important aspects of the system that are
threatened by a hazard; 3) the hazard itself should be specified; and 4) a temporal reference should be established for the assessment, acknowledging that some risks are
dynamic across different times. Two additional vulnerability factors should be included
in a comprehensive description of vulnerability: sphere and knowledge domain (Füssel
2007). Sphere refers to the endogenous or exogenous properties or influences on a
system, while knowledge domain refers to the nature of the properties investigated in a
system, and whether they best fit within the realm of disciplines in the physical or social
sciences.
The contemporary model of vulnerability as the composite function of exposure,
sensitivity, and adaptive capacity seems capable of describing a wide variety of processes
that could lead to the differential susceptibility of various places or systems, and functions as a way to compare the different structures of vulnerability of places (Polsky et al.
2007). Some authors reject the separation between sensitivity and adaptive capacity (e.g.
Smit and Wandel 2006), and certain definitions of vulnerability replace the concept of
adaptive capacity with resilience. For instance, Kasperson et al. (2005, 146) define the
three dimensions of vulnerability as 1) “exposure to stresses, perturbations, and shocks;”
2) “the sensitivity of people, places, and ecosystems to stress or perturbation, including
their capacity to anticipate and cope with the stress,” and 3) “the resilience of exposed
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people, places, and ecosystems in terms of their capacity to absorb shocks and perturbations while maintaining function.” Despite these minor differences, the general model of
vulnerability seems sound, and it remains a key way to understand and rate the potential
future impacts of climate change on society.
One of the key advances in conceptual modeling of vulnerability has been the increasing interest in including human cognition as a mediator of adaptive capacity
(Grothmann and Patt 2005). Individual’s perceptions of the extent to which they are
vulnerable and their abilities to reduce that vulnerability play a large part in both their
motivation for adaptation and their actual behaviors (Adger et al. 2007). As the next
section details, such a role for cognition can help inform the study of how people perceive climate change more generally.
2.6.2

Perspectives on risk
In research on hazards, risk tends to be either broadly defined as the threat of ad-

verse consequences to an individual or system due to a hazard (e.g. Blaikie et al. 1994) or
a more precise quantitative estimate of some proportion of the probability and magnitude
of a hazard. These perspectives can be broken down into four specific definitions of risk,
which can be divided into both qualitative and quantitative perspectives. The qualitative
definitions of risk are 1) risk as an unwanted event which may or may not occur in the
future (as in the phrase “storm surge is a major risk for people living along the coast”),
and 2) risk as the cause of an unwanted event which may or may not occur (as in the
phrase “hurricanes are the most important risk for residents in Louisiana”). From the
quantitative perspective, risk is generally understood as either 3) the probability of an
unwanted event which may or may not occur (for example in the phrase “the yearly risk
that New Orleans will be hit by a hurricane is 5 percent”), or 4) the probability and
magnitude of an unwanted event which may or may not occur (for example, “the risk of
not purchasing flood insurance is greater for the owner of a one million dollar home than
the owner of a two hundred thousand dollar home”) (Adams 1995; Slovic 2000). The
underlying theme in each of these definitions of risk is the notion of uncertainty. Risk is
inextricably linked to our lack of certainty about what will happen in the future. As such,
we use the term risk to describe uncertain events, as in definitions (1) and (2), or the
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statistical likelihood of those events and the severity of impacts on things we value, as in
(3) and (4). Risk can alternatively be differentiated into two broad domains between
objective risk (the external valuation of gains and losses) and subjective risk (individual
risk judgments).
For most natural hazards researchers, risk is most closely aligned with the likelihood and severity of hazard events, which can be thought of as the statistical expected
value of the hazardous event. It has a strong background in economics, where explanations of how people make decisions under situations of risk and uncertainty have evolved
since the foundational work on the concept of expected utility and rational choice theory.
Expected utility theory, first formulated by Bernoulli in 1738, provides a mathematical
representation of how people make rational decisions under conditions with uncertain
outcomes. It prescribes that individuals choose alternatives based on which alternative
provides the highest expected utility. Maximizing expected utility thus provides the
greatest ratio of possible benefits to possible losses, and therefore ensures that decisions
that maximize expected utility incur the lowest amount of risk. Techniques of probabilistic risk assessment used by experts in such fields as engineering, economics, and finance
rely on this interpretation of risk, for example, in assessing the risk of climate change
impacts (e.g. McInerney and Keller 2008).
An important distinction must be acknowledged between objective assessments of
risk and subjective interpretations of risk. The calculations of expected utility assumed in
rational choice theories only reveal objective assessments of risk. However, in the real
world people can only interpret subjective risk, which is their individual perception about
the probability and severity of an event. As Adams (1995, 14) notes, “[t]he problem for
those who seek to devise objective measures of risk is that people to varying degrees
modify both their levels of vigilance and their exposure to danger in response to their
subjective perceptions of risk.” Indeed, it is as important to understand how people
understand risk as it is to conduct effective objective risk assessments, because individual
behaviors to adjust to risk will always be mediated by individual risk perceptions (Arrow
1982). Much of the research on subjective risk assessments has been conducted within
the framework of the psychometric paradigm of risk perception in psychology and
behavioral economics since the 1970s. From this perspective, risk perceptions are under72

stood as “intuitive risk judgments” (Slovic 1987) that people make about a hazard. In
other words, risk perceptions are individual subjective assessments about the probability
of a hazardous event and the extent of concern that is generated about the possible
consequences.
Some broad patterns in risk perceptions have been identified by researchers working within the psychometric paradigm. Early research by Starr (1969), for example,
revealed that people rate risks they believe are voluntary as 1,000 times more dangerous
that risks they believe are involuntary. This work was followed by later research that has
focused on how perceptions of the controllability of a risk greatly influence our perception of it, such that risks that are perceived as uncontrollable produce fear, anxiety, panic,
and overall overestimation of the threat. Slovic’s research on classifying risks using
principal components analysis, for instance, identified the concept of dread as one of two
key components (along with information availability) that predicted overall levels of
concern about a risk (Slovic 1987).
Further, research on risk perception has been informed by work on bounded rationality (Simon 1982) and the identification of certain cognitive biases and heuristics (e.g.
Tversky and Kahneman 1973, 1974, 1981) that systematically influence subjective risk
assessments. Theories of bounded rationality were developed to explain the systematic
deviations from predictions made by rational choice theory under real-world conditions,
stipulating that people have finite cognitive resources with which to make decisions and
that our ability to make rational decisions is limited by the availability of information, by
cognitive limitations, and by the finite amount of time we have to make decisions. When
deviating from rationality, people often exhibit biases that are due to heuristics used to
quickly process information. Some of these heuristics are vital for informing the study of
how people evaluate risks, notably the availability heuristic, the representativeness
heuristic, and optimistic bias.
The availability heuristic holds that individuals have a tendency to predict the frequency of an event, or the proportion of an element within a population, based on how
easily relevant examples come to mind (Tversky and Kahneman 1973). For example,
widespread media attention to shark attacks can lead people to overestimate their risk of
being attacked by a shark. As Slovic et al. (2000) note in reference to natural hazards,
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availability is perhaps the most important concept in helping researchers understand the
distortions in human perception of natural hazards, partially because our perception of
such events is so dependent on both experience and the level of information available in
media sources.
Related to the notion of availability is the representativeness heuristic, which is the
general tendency to use stereotypes of categories to decide how “representative” an entity
is of that category. For example, consider this hypothetical situation: assume that there
are 100 species of shark in a certain area, of which only one species has been known to
attack humans. Each species has a roughly equal population in the area. A lifeguard has
learned through experience that, when she sees a shark, she can correctly identify the
species 75 percent of the time. What is the probability that a shark she identifies as
dangerous is actually the species that has been known to attack humans? Someone
relying on the representativeness heuristic would respond that the probability that the
shark is actually dangerous is close to 75 percent. In fact, according to Bayes’ rule, the
probability in this case is about 3 percent. This is an example of the base rate fallacy,
which is a case of the representativeness heuristic. The representativeness heuristic is
linked to common misperceptions of the probability of random events, such as the
gambler’s fallacy, and errors in probability updating, such as is the case with the base rate
fallacy (Kahneman and Tversky 1973; Koehler 1996). Recent research has categorized
the availability heuristic and the representativeness heuristic as part of the process of
attribute substitution, which happens when judgments about a target attribute are computationally complex, resulting in the substitution of a more easily accessible heuristic
attribute (Kahneman and Frederick 2002).
Another cognitive bias that has been shown to influence risk judgments is optimistic bias, the tendency of people to systematically rate their own position as more
favorable than other members of a group with similar characteristics (Weinstein 1989).
For risks, this implies that we underestimate the probability of a negative hazardous event
affecting us personally and overestimate the probability of a positive event. In a study of
27 different risks, for example, participants consistently rated their personal risk as lower
than that of other people (Sjoberg 2000). Optimistic bias may be explained by the concept of the “illusion of control.” People regard their own risks as lower because they
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believe they have some control over their ability to avoid the hazard (McKenna 1993). As
mentioned above, optimistic bias may have spatial and temporal dimension in human
perception of environmental risks.
2.6.3

Connecting climate change risk perceptions and vulnerability
The concepts of risk and vulnerability provide important contributions to the study

of how people perceive climate change. Since global climate change is itself a risk (albeit
a very broad-scale one), then it is likely that explanations derived from risk perception
research may be able to help understand perceptions of climate change and ensuing
behaviors. Furthermore, contemporary models of vulnerability that highlight the key role
of cognition in adaptive capacity—and the role the cognitive barriers can play in preventing successful adaptation—show that understanding climate change perception is critical
for facilitating effective behavioral responses through risk communication and policy.
As mentioned above, findings from research on risk perception, such as the availability heuristic and base rate neglect, may aid in understanding how people perceive
climate change. The availability heuristic suggests that when evaluating whether global
climate change is occurring, people would tend to use the most available information to
make the judgment. In many cases, the most available information may be that which is
collected passively from individuals’ experiences of everyday weather (Joireman et al.
2010; Li et al. 2011). As discussed in the next section, experience with different weather
conditions may bias people to under- or over-estimate the probability and magnitude of
climate change. Base rate neglect, as well, may lead people to give undue weight to
recent weather events and ignore the long-term trends in their experience when making
judgments about climate change. Finally, unrealistic optimism may tend to bias individuals toward thinking that the potential unusual weather events they experience are not as
extreme as they objectively are, or perhaps are not due to the broader hazard of climate
change.
For mitigation and adaptation behavior, the ways that climate change is perceived
may act as either a barrier or catalyst for proactive behavior change (Grothmann and Patt
2005). Models of vulnerability suggest that outcomes can depend on the source of the
information that people receive, their ability to process the information, and their feelings
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of controllability and self-efficacy. If personal experience with local climate change is
considered a source of information about future change, it could conceivably be an
important determinant of effective mitigation and adaptation.

2.7 The role of weather and climate in beliefs and attitudes
Global warming and the greenhouse effect became important public issues in the
late 1980s. Since then, surveys of public opinion have found that populations around the
world are becoming more aware of global warming and climate change and more concerned about its potential impacts on themselves and others (Leiserowitz 2007). Polls in
multiple countries have also found support for various mitigation and adaptation
measures and public policies. Levels of public concern have been shown to vary between
countries, however. In the U.S., for example, polls showed increasing public concern
until 2007, after which concern leveled off or declined (Brulle et al. 2012). Possible
explanations for this decline include the economic recession and decreased focus on
climate change issues by the media. An alternative explanation cites the role of weather
in shaping public opinion about climate change, in particular severe winter weather that
was perceived to be inconsistent with global warming (Leiserowitz et al. 2012a). Only
recently have empirical studies addressed the effect of local climate perception on
attitudes about global warming, although there is ample anecdotal evidence that unusual
weather events are cited in political discourse as evidence for or against the existence of
global warming. For example, the 2009-2010 winter snowstorms in the northeastern U.S.,
magnified by a strongly negative Arctic Oscillation, were claimed by some climate
change skeptics to be tangible evidence refuting scientific projections of climate change
(Broder 2010). Similarly, the heat wave in western Russia and extreme flooding in
Pakistan during July and August of 2010 were cited by climate change advocacy groups
as manifestations of global warming (Gillis 2010). While extreme weather has been cited
as confirmatory evidence for existing attitudes about climate change, there is little
existing research on the causal relationship between experienced weather and attitudes
about global climate change. Recent research in political science, psychology and sociology has attempted to address this gap (Krosnick et al. 2006; Hamilton and Keim 2009;
Jenkins-Smith et al. 2009, 2010; Joireman et al. 2010; Li et al. 2011; Risen and Critcher
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2011). Tentative findings indicate that experience with everyday and extreme weather
does influence beliefs about global climate change. For example, visceral experience of
warmth has a positive effect on belief in global warming among U.S. college students
(Joireman et al. 2010; Risen and Critcher 2011), and perceptions of positive local temperature change can also influence beliefs and concern about global warming (Krosnick
et al. 2006; Li et al. 2011). In general, such research has been conducted under the
hypothesis that judgments about global warming may be influenced by cognitive heuristics such as attribute substitution. In this section, I summarize recent studies that have
examined, at least in part, the role of weather experience in judgments and beliefs about
global warming.
2.7.1

Observational studies
Zahran et al. (2006) examined individual and local contextual influences on climate

change policy support using a U.S. nationally representative telephone survey. Respondents were georeferenced based on their household address. Contextual variables included
county-level environmental citizenship, sea-level rise risk based on residence within one
mile of a coastline, county-level natural hazard casualties, and the presence of a significant annual temperature trend at the climate division level. Temperature trends were
calculated using the linear trend of the number of days per year above the 1948-2005
average. In a regression model predicting climate change policy support, the variables
with the strongest significant effects were climate change risk perception, ecological
values based on the New Ecological Paradigm scale (Dunlap et al. 2000), and belief in
the ability of government to address climate change. The broad contextual variables of
country-level natural hazard casualties and the climate division annual temperature trend
were weak but significant predictors of climate change policy support (the dichotomous
sea-level rise risk variable was a significant negative predictor of policy support). Results
are suggestive of important place-based effects on climate change beliefs (Zahran et al.
2006). Brody et al. (2008) examined data from the same U.S. survey, modeling climate
change risk perception with a set of more detailed contextual variables representing
physical vulnerability to climate change. The risk perception dependent variable was a
scale composed of items considering negative impacts of climate change on personal
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health, finances, and the local environment within the next 25 years. Independent variables included distance to the nearest coastline, elevation, location in a 100-year floodplain
(based on FEMA Q3 data), climate division-level temperature trend as in Zahran et al.
(2006), state-level property and economic damage from weather-related disasters since
1980, county-level disaster-related casualties, county-level number of wildfires in the
past 4 years, state-level greenhouse gas emissions, and county-level per capita greenhouse gas emissions. In this model, variables related to natural hazard vulnerability,
including coastal proximity, recent disaster casualties, and residence in a floodplain, were
significant predictors of climate change risk perceptions. Other contextual measures,
including the measure of temperature trends at the climate division level, were not
associated with climate change risk perceptions.
Krosnick et al. (2006) studied multiple influences on U.S. residents’ judgments
about the seriousness of global warming for the nation, including beliefs about the
existence of global warming, beliefs about human causation, beliefs about humanity’s
ability to mitigate the problem, and personal experience with weather consistent with
global warming. In contrast to the above studies by Zahran et al. (2006) and Brody et al.
(2008), Krosnick et al. (2006) use a measure of perceived personal experience with
global warming rather than external measures assumed to influence individual perceptions. The study developed a model of the influences on the perceived seriousness of
global warming at the national level (Figure 2.2). The model was based on three main
belief variables: attitude, certainty, and existence. Personal experience of global warming
and messages from informants (i.e. the media, interest group, and scientists) were hypothesized to positively influence beliefs about the existence of global warming, which
combined with certainty and attitude influenced perceptions of seriousness (an effect that
was mediated by perceived human responsibility and mitigation efficacy). Krosnick et al.
(2006) tested the model using data from a nationally representative telephone survey
from September, 1997 to February, 1998. Among other items, respondents were asked
whether the winter and summer temperatures in their local area had changed in recent
years. In a regression analysis of predictors of belief in the existence of global warming, a
perceived increase in local temperatures corresponded with a significantly higher probability of believing in global warming. This effect was replicated in a smaller survey of
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Ohio residents. Controlling for education and trust in media sources, perceived increases
in local temperatures were a significant predictor of belief in the existence of global
warming (Krosnick et al. 2006).

Trust in Informants
Cognitive Skills
Message Recency
Informants’ Messages
Personal Experience
Knowledge
Thought
Consequences
x
Evaluations

Quantity of Ameliorative
Effort Desired
Existence
x
National Seriousness
of Global Warming

Certainty
x
Attitude

Human Responsibility
x
Policy Effectiveness

Attitudes toward Specific
Ameliorative Programs

Figure 2.2: Model of seriousness judgments about global warming adapted from Krosnick et al.
(2006, 11).

While Krosnick et al. (2006) did not explore influences on perceptions of local climate change, Hamilton and Keim (2009) directly examined possible influences on the
magnitude of perceived local impacts of climate change using a survey of rural residents
in 19 counties across nine U.S. states in 2007.1 Responses differed significantly between
states, which the authors suggest may have been due to differences in recent experience
with climate change impacts, particularly from changes in winter temperatures. The study
used station data from the U.S. Historical Climatology Network (USHCN) to calculate
winter (DJF) temperature trends for the period 1970-2007 (Easterling et al. 1996). The
percent of respondents perceiving “minor” or “major” local effects of climate change was
significantly higher in counties with stations with a steeper positive winter temperature
1

The item in question was: “I’m going to read a list of environmental issues that might be problems in
some rural places. With regard to the place where YOU live, for each issue I’d like to know whether you
think this has had no effect, had minor effects or had major effects ON YOUR FAMILY OR
COMMUNITY OVER THE PAST 5 YEARS? [Global warming or climate change]” (Hamilton and
Keim 2009, 2348).

79

trend. To explore other predictors of perceptions of local climate change effects, Hamilton and Keim (2009) fitted a mixed-effects (multi-level) ordered logistic regression
model, with individual-level demographic and political affiliation predictors and a
county-level winter temperature trend predictor. Results from the model show that the
local temperature trend remained a significant predictor of perceiving local climate
change effects. Significant individual-level predictors were Democratic Party identification and sex (female). Income and religiosity had a negative relationship with perceiving
local climate change effects. Despite the significant role of political ideology in perceptions of local climate change, the study suggests that perceptions are responding to a “real
climate signal” in the form of local winter warming (Hamilton and Keim 2009, 2351).
Further research presented by Jenkins-Smith et al. (2009, 2010) examined U.S. residents’ perceptions of changes in local weather patterns. Using nationally representative
telephone and internet survey data from 2008, the studies contained three questions
directed at perceptions of local changes in temperature, droughts, and floods.1 The survey
contained additional items on the existence and attribution of global warming, global
warming risk perceptions for people and the environment, and mitigation policy preferences. Respondents were georeferenced by ZIP code or county FIPS code, and responses
were compared to local temperature data from the NCEP-NCAR reanalysis (Kalnay et al.
1996) and precipitation data from the Global Precipitation Climatology Project (Adler et
al. 2003). Both climate datasets were available as 2.5º by 2.5º grids (a rectangle with
sides of approximately 195 km at 45º N). Respondent locations—centroids of ZIP code
tabulation areas or counties—were associated with the nearest grid point by arc distance.
Temperature anomalies were calculated for the most recent 3-year mean based on the
1968-1996 period. Precipitation anomalies were calculated for the most recent 1-year
mean based on the 1979-2000 period. Overall, 51 percent of respondents reported that
temperatures had increased, while 12 percent reported that temperatures had decreased;
43 percent reported that drought frequency had increased, and 27 percent reported that
1

Temperature: In your personal experience, over the past few years have average temperatures where you
live been rising, falling, or staying about the same as previous years?
Drought: In your personal experience, over the past few years has drought where you live been more
frequent, less frequent, or stayed about the same as previous years?
Floods: In your personal experience, over the past few years has flooding where you live been more
frequent, less frequent, or stayed about the same as previous years? (Jenkins-Smith et al. 2009).
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flood frequency had increased. The perception of increasing local temperatures and
drought and flood frequency was significantly associated with the belief that global
warming is human-caused. Likewise, the perceived risks of global warming were significantly higher among those who reported increases in local temperature, drought
frequency, and flood frequency. Jenkins-Smith et al. (2009) construct a series of ordered
logistic regression model to predict perceived change in the three local weather variables,
including local climate, demographics, political party and ideology, environmental
concern and attention to the issue of climate change. In the model predicting perceived
local temperature change, the 3-year temperature anomaly from the NCEP-NCAR data
was a significant positive predictor of perceived warmer temperatures, as was Democratic
Party identification, environmental concern, and attention to climate change issues.
Political conservatism was a significant negative predictor of perceived warmer temperatures. While these variables were significant, the total model did not explain a large
portion of the variance in responses, with a pseudo R2 of .06. For the models predicting
flood and drought frequency, the most recent 1-year precipitation anomaly was a significant predictor, whereas both non-climatic variables had a lesser or non-significant effect
on responses. Jenkins-Smith et al. (2009, 9) suggest that these results indicate that
perceptions of drought and flooding are “less ‘politicized’ and less prone to social
construction, and more responsive to the ‘facts’ of local weather.” The results suggest
that perceptions of temperature, however, are more likely to be “filtered and refracted
through personal, ideological, and issue-oriented lenses” (Jenkins-Smith et al. 2009, 8).
Egan and Mullin (2012) conducted one of the largest studies to date on the role of
personal weather experience in political attitudes about global warming. Using three
years of U.S. national representative public opinion poll data, the study is structured as a
natural experiment, assuming that exposure to local weather is a relatively random
variable across the U.S. Previous research shows that direct experience can influence
political attitudes—for example, victims of crime tend to have different attitudes toward
law enforcement issues—but much of this research has difficulty in accounting for the
non-random ways that people are exposed to such experiences. Egan and Mullin (2012)
consider exposure to weather to be an exception that affects people in ways independent
of their attitudes. The study used data from five representative telephone surveys con81

ducted by the Pew Research Center from June 2006 to April 2008 in the continental U.S.
The item of interest was a standard Pew question about global warming belief certainty:
“From what you’ve read and heard, is there solid evidence that the average temperature
on earth has been getting warmer over the past few decades, or not?” (Egan and Mullin
2012). Respondents were geocoded by ZIP code, and local weather data were obtained
from the National Climatic Data Center for the nearest weather station to each respondent’s ZIP code tabulation area centroid. The mean temperature anomalies for the week
preceding the survey data were calculated by averaging the daily maximum and minimum temperatures for the preceding seven days and subtracting the resulting value from
the 1971–2000 mean for the same seven-day period.1 The study used a series of ordered
probit regressions to model responses to the global warming certainty item, controlling
for interview date, state of residence, demographics, and political party and ideology.
Results indicate that the effect of local weather was significant and substantial: individuals were one percent more likely to agree that global warming is supported by solid
evidence for every 1.7 ºC increase in the past week’s local temperature above its longterm average. This effect was larger than that of education or age, but smaller than that of
political ideology or party identification. A further set of models added lagged values of
the local temperature to examine effects of local weather that occurred prior to the
previous week; adding these additional weather variables did not improve the original
model’s predictive ability. These results suggest that local weather has a considerable
effect on beliefs about global warming certainty, but the effect may decay rapidly over
time. Egan and Mullin (2012) also examined differences in the main effect of local
temperature among groups with different party identification and levels of education. The
effect was strongest among people “leaning” Democratic or Republican, and weaker
among strong partisans and independents. The effect was also strongest among those with
a high school education or less, and nearly nonexistent among those with a post-graduate
degree. This heterogeneity of effects may result from differences in information processing, such that those with lower levels of education may be more likely to rely on
intuitive or heuristic processing to make judgments about abstract issues like global

1

For all respondents, the mean temperature anomaly for the previous seven day period was 2.1 ºC (SD=3.3
ºC).
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warming, giving more weight to peripheral information like local temperature (Egan and
Mullin 2012).
2.7.2

Experimental studies
Several experimental studies have examined the relationship between thermal sen-

sation (experiencing higher temperatures) and beliefs about global warming. Joireman et
al. (2010), in a set of three studies, addressed the role of cognitive heuristics in the
formation of beliefs about climate change. The heuristics examined included temperature-related priming and anchoring related to projections of future temperature. In
contrast to the above studies (Krosnick et al. 2006; Hamilton and Keim 2009; JenkinsSmith et al. 2009), which conceptualized individual weather experience as a source of
information about local climate change, Joireman et al. (2010) conceptualize ambient
temperature as a possible source of bias in judgments about climate change. The first
study, of 93 university students in the U.S., examined the relationship between outdoor
temperature and belief in global warming with the assumption that outdoor temperature
influences beliefs through the availability heuristic (Tversky and Kahneman 1973).
Participants were interviewed in an indoor lab environment in different seasons, and the
interviewer noted the outdoor temperature at the beginning of each interview. The
researchers constructed a scale of four items related to global warming beliefs, including
whether the participant currently noticed impacts of global warming, belief that temperatures were getting warmer, belief that weather patterns had changed, and certainty that
global warming is occurring now. The outdoor temperature had a significant positive
correlation with the global warming beliefs scale (r=0.27, p<0.01). However, the correlation was strongest (r=0.54, p<0.001) among participants interviewed on days with lower
outdoor temperatures (–1 to 16 ºC) and nonexistent (r=–0.02, p > .05) among those
interviewed on days with higher outdoor temperatures (17 to 28 ºC). In the second study,
Joireman et al. (2010) found that heat-related primes in a word game influenced global
warming beliefs. The third study showed that people were more willing to pay to mitigate
global warming after being exposed to a high anchor for projected increases in temperature. The results of the first study suggest that there may be a nonlinear relationship
between temperature and global warming beliefs—above a certain threshold, outdoor
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temperature may not influence beliefs. Joireman et al. (2010) speculate that an explanation for this relationship is that people may adjust their judgments about global warming
to avoid the influence of unrelated contextual factors when they are most visible (e.g.
Wegener and Petty 1995).
In a similar study, Risen and Critcher (2011) proposed a more detailed theory of biases on judgments about issues like global warming, suggesting that embodied visceral
states can influence beliefs. While experiencing a certain visceral state, people would
judge future states or issues that correspond with the experience to be more likely. Beliefs
in global warming would therefore vary depending on one’s current visceral state of
warmth or coldness, rather than on an associated priming effect that could be stimulated
without changing one’s visceral state. The rationale for this relationship derives from
simulational or processing fluency, which is the ease with which individuals can imagine
a future state (Alter and Oppenheimer 2009). There is considerable evidence that simulational fluency influences judgments about the likelihood of events; for example,
imagining the symptoms of a commonplace disease makes people more likely to believe
they will contract the disease than if they were to imagine the symptoms of a rare disease
(Sherman et al. 1985). Experiencing warmth may increase the fluency of a concept like
global warming, make a world affected by global warming easier to imagine, and therefore make global warming seem intuitively more likely. Risen and Critcher (2011)
explored this hypothesis in a series of six studies. Several studies examined the role of
visceral warmth by comparing the temperatures participants were experiencing—
outdoors in the first study, and indoors in the second and third studies—to their beliefs
about global warming. In the first study, 67 university student participants were interviewed outdoors using a questionnaire that included a question about the certainty of
global warming, political ideology, and an item about their current physical state that
included feeling warm or cold. Outdoor temperature during the interviews ranged from 9
ºC to 32 ºC, and was significantly correlated with the perceived certainty of global
warming for both liberal and conservative participants. There was no relationship between outdoor temperature and belief in other political issues. The second and third
studies, conducted indoors, used an experimental design to assign participants to two
conditions: a heat condition in a room heated to an ambient temperature of 27 ºC, and a
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control condition at a more customary room temperature (23 ºC). In the third study
participants were prompted about the ambient temperature with a question about how
warm or cold they felt. Both studies shown similar results to the first study conducted
outdoors: participants in the heated room reported significantly higher perceived certainty
in global warming. Participants in the heat condition also estimated that it was hotter
outside relative to those in the control condition. The subsequent studies tested the effects
of priming and the conceptual accessibility during different temperature states, finding
that participants experiencing warmer ambient temperatures were able to imagine hot
scenes more easily than cold scenes, and were therefore more likely to believe in the
certainty of global warming. These findings suggest that the experience of different
temperature states can influence judgments about global warming, even when those
states, such as the relative air temperature indoors, may not be directly informative about
the issue (Risen and Critcher 2011).
A related study addressed the role of conceptual accessibility and recency in beliefs
about global warming by examining whether people are more likely to express concern
about global warming when hot weather is more available in memory (Li et al. 2011). Li
et al. (2011) hypothesized that beliefs about global warming would be influenced by
irrelevant salient information, such as the daily temperature on which respondents are
interviewed. They speculate that this influence may result from the cognitive heuristics of
availability and representativeness, together known as attribute substitution, whereby
people replace an easily accessible judgment for a less accessible and more complex
judgment (Kahneman and Frederick 2002). Li et al. (2011) further hypothesize that
relative changes in temperature are more salient and perceptible in shaping beliefs. In
their first study, Li et al. (2011) conducted an internet survey of 582 U.S. residents and
290 Australian residents with items addressing concern about global warming, the
certainty of global warming, and a judgment about whether the current day was colder or
warmer than normal for the time of year. The surveys were conducted during the same
week during winter in the U.S. and summer in Australia. Respondents who believed the
daily temperature was warmer than normal were significantly more likely to believe in
global warming and more likely to worry about global warming than those who thought
the temperature was colder than normal. Using an instrumental variable regression, the
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authors then controlled for recorded temperatures on the date of the survey by calculating
the difference in the daily temperature from the long-term average for that day, based on
respondents’ postal codes.1 Results from the regression showed that the recorded temperature anomaly was significantly predictive of perceived differences in temperature,
explaining 24 percent of the variance in perceived temperatures, although perceived
temperature was a stronger predictor than recorded temperature of global warming
concern and certainty. Li et al. (2011) replicated these results in a second web-based
study that added a behavioral measurement by asking respondents to donate their preferred amount to a climate change-related charity. As with global warming concern and
certainty, respondents who believed that the daily temperature was warmer than normal
donated a significantly larger amount. These results support the hypothesis that beliefs
about global warming are influenced by attribute substitution, suggesting that public
opinion can be influenced by relatively unstable processes like day-to-day changes in
temperature (Li et al. 2011). The results also suggest that people are able to recall—albeit
imperfectly—whether recent temperatures are above or below normal, but their recollections may be a better predictor of beliefs about global warming than their experiences as
recorded in weather station data.

2.8 Conclusions
The literature reviewed here began in section 2.2 with examples from research in
fields such as anthropology and geography detailing case studies of communities experiencing climate variability and change, and the various methods such populations use for
acquiring knowledge about their local climates. Such methods of individual and community climate change perception vary across space and depending on local context. Section
2.3 contained an historical account of how modern understandings of weather and climate
phenomena have been socially constructed, and how such understandings recursively
influence climate change perceptions. Perceptions of climate vary not only over space but
also over time, as behavior and technology have altered humans’ relationship to their
local climate. Section 2.3 concluded with a summary of research from the field of human

1

The source of temperature data is not mentioned, nor whether the study used daily maximum, minimum,
or mean temperature.
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biometeorology on human thermoception and thermal adaptation, illustrating the influence of a host of external variables on human’s temperature perceptions and preferences.
Next, section 2.4 considered research on perceptual analogs to the concept of climate
change perception, such as economic change and health hazards, and how these analogs
provide useful clues about how humans perceive long-term and complex processes like
climate change. The concept of climate change perception is situated within the various
psychological dimensions of humanity’s relationship to climate, and section 2.5 provided
an overview of these dimensions. Section 2.6 further discussed the role of perception and
cognition in the risk and vulnerability to natural hazards including climate change.
Finally, section 2.7 described studies that have examined the intersection of personal
experience with beliefs and attitudes about global warming.
The research surveyed in this chapter provides generally supportive evidence for
the claim that people are able to detect changes in their local climates through their own
personal experience. Although humans cannot directly perceive long-term climate, we
can experience short-term weather and use our memory of those meteorological experiences to form expectations about climate over time, comparing those expectations to our
experience to detect change. Human memory is fallible, however, with cognitive biases
that may lead us to emphasize certain aspects of the weather over others in our memory,
and therefore cause our beliefs about the climate to deviate from objective climate
assessments. For example, expectations of climate may be swayed by more visible
meteorological indicators over other indicators, by more recent weather events over past
weather events, or by weather events that are more salient for our livelihoods.
Evidence also suggests that the changes we experience may also influence our beliefs and attitudes about the broader phenomenon of global warming. Individuals who
claim to have personal experience with climate change have shown greater tendencies to
believe in the existence and anthropogenic causes of global warming (Krosnick et al.
2006). As result, researchers have called for the localization of climate change projections as a motivation for mitigation and adaptation behavior, based on the contention that
increased visibility and proximity of global warming will influence risk perceptions and
behavior (Marx et al. 2007).
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The research described in this chapter has largely been conducted over the past 40
years, a period during which global temperatures began to exhibit a significant warming
trend (Trenberth et al. 2007). Indeed, as of 1998 a global “common-sense climate index”
created by Hansen et al. (1998) suggested that climate change should have been detectable through everyday experience in several parts of the world, including Asia and western
North America. Climate model projections indicate that this warming trend will accelerate in upcoming decades (Meehl et al. 2007), driving increases in local extreme weather
events such as heat waves, droughts, and floods (Rahmstorf and Coumou 2011). These
changes will likely dwarf the changes already experienced, even if extreme mitigation
measures were implemented immediately (Solomon et al. 2009). Regardless, local
climates are beginning to shift far outside the range of previous experience of their
inhabitants. New climate regimes that have no current analogs in any part of the world
may also appear with characteristics that challenge adaptation. For example, a mean
global warming of 7 ºC would cause maximum wet-bulb temperatures in parts of the
tropics and sub-tropics to exceed 35 ºC, the temperature at which metabolic heat dissipation becomes impossible in humans and other mammals (Sherwood and Huber 2010).
Even so, much of the human response to climate change in terms of both adaptation and
mitigation will be driven by our perception of the problem. It remains to be seen if
personal experience with changing local climates driven by global warming will be a
sufficient stimulus to promote effective behavioral response, especially in light of claims
that people in industrialized countries are becoming disconnected from the experience of
our local climate as we increasingly inhabit climate-controlled spaces (Hitchings 2011).
Although the case study evidence described in this chapter suggests that people are
able to detect changes in their local climate, much of these studies are place-dependent,
use non-representative samples, and use a narrow set of applicable climate data. Likewise, studies that have examined the role of personal experience in beliefs and attitudes
about global warming have been confined to the U.S. and several other industrialized
countries, while also using a narrow definition of individual experience of local climate
change. The subsequent studies in this dissertation attempt to address these shortcomings.
In the following chapters, I will describe a set of studies that systematically address the
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role of personal experience in 1) detection of climate change, and 2) beliefs and attitudes
about global warming.
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3. MODELING LOCAL CLIMATE CHANGE EXPOSURE
3.1 Introduction
Human populations are exposed to a wide range of climate conditions across the
world. To test the effect of local climate on perceptions and beliefs about climate change,
it is therefore necessary to determine the local climate conditions that people have
experienced in the places where they live. This chapter will describe one solution to the
challenge of estimate place-based climate exposure, a methodology termed the Spatial
Climate Exposure (SCE) model. This method combines high-resolution gridded climate
data with high-resolution gridded population data to describe how populations within a
region of interest are exposed to changing climate indicators over time. This chapter will
also present an application of the SCE model to characterize the exposure of national
populations worldwide to changing average temperatures.
There is a strong case for studying and quantifying how populations experience local climate and local climate change. First, researchers have called for localized messages
about climate change impacts (e.g. Marx et al. 2007), messages that may be most effective when they respond to the actual place-based experience of message recipients.
Second, it is important to understand how the experience of climate change can be
spatially heterogeneous within political regions, which could lead to unequal or conflicting support for mitigation policies. Understanding the influence of personal experience
with climate and weather on local perceptions of climate change requires accurate
estimates of people experience local climate change, and how that experience can be
spatially dependent. A third reason for quantifying how populations experience climate
change is that public opinion survey data, including that which examines beliefs about
global warming, is commonly aggregated at the scale of countries or first-level administrative divisions (e.g. states) using representative sampling procedures. To accurately
compare representative population samples from survey research with respective local
climate data, it is necessary to model how a representative sample of the population
would have experienced local climate change over time. The SCE model described below
is an attempt to simulate representative samples of a population applied to climate data.
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There are several ways to associate survey responses with climate data, depending
the spatial data model used for the survey responses and the climate data. For example,
survey respondents can be aggregated within administrative districts, such as counties,
states, or countries, which can all be represented as spatial polygons. Alternatively, the
households of survey respondents can be represented as spatial points, which allow for
much more precision in estimating the conditions to which respondents were exposed.
Climate data likewise can be represented as a gridded field or raster, or as a set of points
representing climate stations. Historical gridded climate data are derived from station
data using spatial interpolation methods or reanalysis models. Gridded data are also used
to represent the results of projections from global and regional climate models. Depending on the resolution of the dataset, gridded historical climate data may better represent
conditions between stations that may not be visible in station data alone. For example,
topographical variation can drastically influence temperature and precipitation, and
climate stations are not always sited to detect this variation (Daly 2006).
Previous case studies that compare local climate knowledge to quantitative climate
records usually focus on small areas, and thus tend to use data from a small number of
nearby climate stations. The few studies that have examined perceptions of climate
change on a broader scale have also tended to use climate station data (e.g. Maddison
2007; Bryan et al. 2009; Deressa et al. 2009), usually assuming participants’ experiences
can be accurately represented by data from the nearest climate station. However, survey
respondents may not always reside within a short distance of a climate station, and the
error between what respondents’ experience and the data recorded by the climate station
can be expected to increase with distance. This is particularly the case for climate indicators that are variable at fine spatial scales, such as precipitation.
The survey data described in subsequent chapters has been collected over broad areas as nationally representative samples in multiple countries around the world. As a
result, a method is needed that can extract a best estimate of respondents’ local climate
conditions regardless of where they reside. To address this need, the method described
here uses the best-available global- and national-scale gridded climate data with the bestavailable global gridded representation of population distribution.
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3.2 The spatial climate exposure model
The Spatial Climate Exposure model is a flexible way to estimate how the population of a region of interest has been exposed to changes in its local temperature,
precipitation, or other variables of interest. The SCE model takes three spatial data
products as inputs: a gridded historical climatology dataset, a gridded population distribution dataset, and boundary polygons of the spatial units of interest. Using these inputs, the
model uses spatial Monte Carlo simulation to represent the population of the region and
create an estimate of population-weighted or population-representative historical climate
trends. In other words, these indicators provide a probabilistic estimate of spatial climate
indicators averaged over the population of the region.
The main output of the SCE model is a summary of the changes in climate that
would have been experienced by the average resident of a region. This estimation method
is an improvement over averaging climate data by area without accounting for the
distribution of population, or over the alternative of using single climate station histories
or averages of stations. While extremely useful for understanding climate change and
local climate histories, these older techniques do not measure a region’s climate history
as experienced by its population. The difference between the average climate of a region
and the average climate as experienced by the region’s population may be greatest in (1)
regions with heterogeneous population density, and (2) regions with high climatic variation over space. Higher levels of both (1) and (2) are associated with larger regions. In
these regions, unweighted averages of climate indicators may not reflect the situated
experience of residents. Using a population-weighted representation instead provides
more accurate localized information, potentially for information about past and projected
climate change. For example, averaging climate indicators over space without weighting
for population most likely exaggerates long-term temperature change in countries like
Canada, which has a population clustered in the southernmost part of the country away
from the extremes of Arctic warming. An additional advantage of the SCE model is that
population-weighted estimates can be compared with simple areal averages to assess the
disparity between average climate within a region and the climate as experienced by the
average resident.
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In addition to providing a more accurate reflection of the climate experienced by
people, the flexibility of the SCE model allows users to take advantage of current highquality gridded climate and weather data products. These data include, for example,
global surface temperature products interpolated from climate station records as well as
global and regional reanalysis data. These products have detected and corrected for errors
in individual station records, providing the most accurate available spatial representation
of climate variables. Such gridded data are continually being refined and improved for
greater accuracy and spatial resolution. The SCE model can also be used to estimate
population-weighted future climate indicators from model projections, since climate
model projections are released in similar gridded format. In addition, the SCE model is
flexible in its use of gridded population distribution data, and can account for changes in
population distribution over time.
Creating population-weighted climate estimates using the SCE model from gridded
climate data involves several steps of data manipulation and analysis. R code for these
steps can be found in Appendix 1. The following is a brief description of the process.
Example results in this section are illustrated using monthly temperature data for the
population of the state of Pennsylvania.
3.2.1

Step 1: Acquire gridded climate data
The first step in the SCE model involves acquiring spatial data representing the

climate indicators of interest. Climate data that have been spatially interpolated to a raster
format, referred to as gridded data, have been adopted for many applications in addition
to climatology, including ecology and agricultural research. Gridded climate data can
represent long-term averages of climate indicators in single-layer format, or time-series
data at various intervals in multiple layers. The spatial resolution of gridded climate data
varies depending on the application and the quality of the input data. For example, some
datasets provide long-term average data at very fine spatial resolutions on the order of 1
km2 (Hijmans et al. 2005), while others provide time-series data at broad spatial resolutions on the order of 200 km2 (Hansen et al. 2010). Existing spatial climate datasets vary
in spatial coverage, spatial resolution, temporal coverage, and temporal resolution (Table
3.1). The SCE model can incorporate a variety of spatial data at different resolutions, but
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high-resolution datasets provide the most precise estimates of population climate exposure. Environmental variability, such as orographic effects, rain shadows, and urban heat
islands may be masked in low-resolution datasets, meaning that estimates of populationweighted exposure may under- or overestimate the climate indicators of interest depending on the distribution of population. To minimize these biases, the analyses in this
dissertation use two high-resolution sources of gridded temperature and precipitation
data: CRU TS 3.1, a monthly dataset interpolated from global station data (Mitchell and
Jones 2005) and PRISM, a high resolution monthly dataset of the continental U.S.
constructed using a knowledge-base regression model (Daly et al. 2002). Spatial climate
data used in the SCE model should be obtained in NetCDF (Network Common Data
Form) format or converted to NetCDF format.

Table 3.1: Examples of gridded spatial climate datasets constructed from station data.*

Climate dataset
CRU TS 3.1 (Mitchell
and Jones 2005)

Spatial coverage
Global surface

Temporal
coverage*
Monthly; 1901–
2009

Maximum
resolution
0.5ºx0.5º
(~47 km)

GISTEMP (Hansen et
al. 2010)

Global land and
sea surface

Monthly; 18802012

2.0ºx2.0º
(~188 km)

Tma

CRUTEM4 (Jones et
al. 2012)

Global land
surface

Monthly; 1850–
2012

5ºx5º (~470
km)

Tma

PRISM (Daly et al.
2002; PRISM 2004)

Continental U.S.
surface

Monthly; 1895–
2012

0.04º x 0.04º
(~4 km)

Tmx, Tmn, Pre

Variables†
Tmx, Tmn,
Tmp, Pre, Dtr

E-OBS (Haylock et al. Europe surface
Daily; 1950–2011
0.25ºx0.25º
Tmx, Tmn,
2008)
(~23 km)
Tmp, Pre
*As of June, 2012
†Variable abbreviations: Tmp (mean temperature), Tmx (average maximum temperature), Tmn
(average daily minimum temperature), Pre (total precipitation), Dtr (Diurnal temperature range),
Tma (mean temperature anomaly)

3.2.2

Step 2: Acquire gridded population data
Gridded or raster population data represent population distributions in a way that is

compatible with other forms of environmental data, such as spatial climate datasets.
Gridded population data are constructed from national and subnational inputs, such as
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census statistics within administrative units, at multiple resolutions depending on data
availability. These inputs can also be supplemented with remote sensing land use/land
cover data to create dasymetric population maps that are able to model population density
within administrative units. The use of gridded population maps provides a way to rectify
the differences between data models for climate records and population distribution.
Several high-resolution global gridded population products are currently publicly
available (Table 3.2). This analysis makes use of the Landscan 2008 gridded population
map (Dobson et al. 2000). Landscan incorporates census data, land cover data, and
nighttime lights imagery to produce a 30 arc-second (approximately 1 km) resolution
map of ambient population distribution, or the average population within a grid cell over
a 24-hour period (Figure 3.1).

Table 3.2: Examples of gridded spatial population datasets.
Population dataset
GPWv3—Gridded Population of
the World (CIESIN and CIAT
2005)
GRUMP–Global Rural–Urban
Mapping Project (CIESIN et al.
2004)
Landscan (Dobson et al. 2000)

3.2.3

Spatial
coverage
Global

Temporal
coverage*
1990, 1995, 2000

Global

1990, 1995, 2000

0.008º x 0.008º (~1
km)

Global

2008

0.008º x 0.008º (~1
km)

Maximum resolution
0.04º x 0.04º (~4 km)

Step 3: Acquire boundary polygons for administrative units
Modeling local climate change exposure within administrative units requires spatial

data representing the boundaries of the administrative units of interest. These data are
typically available as polygon shapefiles. Whatever the source of the data, it must be
projected in the same projection and coordinate system as the gridded products for
climate and population distribution. The analyses presented in this dissertation use
several sources of boundary data. Global country-level and subnational first-level administrative unit boundaries are available from the Global Administrative Unit Layers
product of the United Nations Food and Agriculture organization (FAO 2008). First-level
and second-level administrative unit boundaries in Europe are available from the Nomen95

clature of Territorial Units for Statistics program of Eurostat (Eurostat 2010) and in the
U.S. from the U.S. Census Bureau (U.S. Census Bureau 2011).

Pennsylvania
43

Landscan

42

5000

Population

41

Latitude

4000
3000
2000

40

1000
0

39

scale approx 1:4,900,000
0

-80

50

100 km

-79

-78

-77

-76

-75

Longitude
Figure 3.1: Illustration of Landscan (2008) gridded population dataset clipped to the boundaries of
Pennsylvania. Grid cells represent the total 24-hour average population within the cell area.

3.2.4

Step 4: Monte Carlo simulation of population distribution
This step involves constructing a series of point representations of the population

within administrative unit polygons from which population-weighted climate data will be
modeled. By treating the gridded population map as a probability surface, a spatial Monte
Carlo simulation can generate a specified number of points within the boundary polygon
with locations determined by the population of the grid cells overlapped by the polygon.
This procedure relies on the Spatstat package in R for analyzing spatial point patterns
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(Baddeley and Turner 2005). The rpoint function generates a random point pattern
containing a specified number of independent points with a specified distribution. In this
case, the function takes a raster extracted from the gridded population map and generates
points with a probability density proportional to the raster cell values. For each cell
selected, the algorithm then generates a uniformly distributed random point within the
cell. This procedure neatly accounts for differences in the resolution of gridded population and climate data and the precision of administrative unit boundary polygons. The
points generated from the population distribution data occur only within the boundary
polygons, ensuring that they represent only the population within the administrative unit
of interest. Monte Carlo simulation was used for this procedure because it was less
computationally intensive than interpolating the gridded climate data to the fine-scale
resolution of the gridded population data. In addition, it accounts for cases in which
political boundaries bisect population grid boxes, simulating points for only the portion
of the population residing within the selected boundary.
3.2.5

Step 5: Extract climate data by population points
This step involves overlaying the simulated point-pattern of population distribution

on the gridded climate raster, extracting the values of the climate raster for each set of
point coordinates and attach the extracted data to its corresponding point (Figure 3.2).
This process can then be repeated depending on the number of layers in the spatial
climate dataset. For example, data can be extracted for each layer representing a series of
monthly temperature anomalies. The result is a set of point data simulating a representative sample of the population within an area, with the climate histories associated with
the location of each sampled individual. This procedure relies on functions contained in
both the Spatstat (Baddeley and Turner 2005) and Raster R packages (Hijmans and van
Etten 2011).
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Figure 3.2: Illustration of Monte Carlo point simulation of population distribution based on Landscan (2008) with 1000 sample points. Points overlaid on gridded climate data depicting mean
the monthly temperature anomaly (departure from 1971-2000 average) for December 2011.
Temperature anomalies derived from PRISM (2004).

3.2.6

Step 6: Calculate summary statistics for point-based climate data
The final step in the modeling procedure involves calculating summary statistics

and visualizing the population-weighted climate indicators within the region of interest.
Point values for each layer of climate data can be converted to a matrix format, with each
row representing a simulated point and each column representing the extracted data from
a layer of the climate dataset based on the coordinates of the point. It is then possible to
calculate measures of central tendency and dispersion for each column, which can then be
compared with statistics from other regions. For example, the mean value provides an
indication of the climate conditions to which the average resident of the region was
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exposed, and the standard deviation provides an indication of the variation in exposure
across the population of the region. These values can be visualized, for example, as a
histogram of temperature anomalies at one time (Figure 3.3) or a time-series of mean
temperature anomalies (Figure 3.4).
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Pennsylvania (Dec. 2011)

1.5
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Mean temperature anomaly

Figure 3.3: Histogram of December 2011 mean temperature anomaly (ºC) values extracted using
1000 simulated population-weighted points in Pennsylvania. Values represent the range of
monthly mean temperature anomalies to which the population was exposed. Data derived
from PRISM (2004).
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Figure 3.4: Time series of population-weighted monthly mean temperature anomaly (ºC) from 2000
to 2012 in Pennsylvania. Error bars represent +/– 1 standard deviation. Data derived from
PRISM (2004).
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3.3 Modeling climate exposure within national populations
This section presents an example of the SCE model applied to national subsets of
the global population using climate data derived from the CRU TS 3.1 dataset (Mitchell
and Jones 2005). The CRU TS 3.1 dataset includes values from 1901 to 2009, but values
earlier in the series are subject to greater error due to lower station densities in some
regions. The results reported here begin in 1961. The CRU TS 3.1 dataset is not designed
for calculating average global climate change because it does not control for local influences such as urban heat islands. As a result, however, the dataset is ideal for estimating
the actual temperature change experienced by residents. As described above, the procedure used the Landscan (2008) population dataset to model population distribution within
countries (Figure 3.5). Country boundaries were obtained from the Global Administrative Unit Layers database (FAO 2008). The 195 regions selected for the analysis include
all countries with populations exceeding 100,000 as of 2008.
The application of the SCE model to a given climate dataset provides a wealth of
information that can be summarized in many different ways. The most straightforward
usage is to describe the average exposure of a population within a defined area to a given
climate indicator, such as mean temperature. It is also possible to describe the distribution
and extremes of exposure to such a climate indicator across the population. In addition,
population-weighted climate indicators can be analyzed over time. The results below
provide a partial summary of exposure to two climate indicators: annual mean temperature and monthly temperature anomalies.
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Figure 3.5: Dot-density map of global population distribution generated using Monte Carlo simulation based on Landscan (2008) dataset.

As a proof-of-concept of the SCE model, results from applying the model to mean
annual temperature data reveal how populations in different countries experience vastly
different annual mean temperatures (Table 3.3). The populations experiencing the
highest annual mean temperatures were unsurprisingly located in North Africa, including
the countries of Niger, Djibouti, Burkina Faso, Mali, and Mauritania. On the opposite
extreme, the populations experiencing the lowest annual mean temperatures were located
in Mongolia, Iceland, Finland, Russia, and Norway. The highest variation in annual mean
temperatures among populations was found in Finland (standard deviation: 2.5 ºC),
Russia (2.5 ºC), Kazakhstan (2.5 ºC), Estonia (2.4 ºC), and Belarus (2.3 ºC). The lowest
variation in annual mean temperatures among populations was found in the Solomon
Islands (standard deviation: 0.3 ºC), Papua New Guinea (0.4 ºC), Fiji (0.4 ºC), Brunei
(0.4 ºC), and Micronesia (0.4 ºC).
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Table 3.3: Countries with populations exposed to the highest 20 and lowest 20 annual
mean temperatures, with associated standard deviations across the national
populations. Annual mean temperature is mean of monthly mean temperatures
across a population-weighted sample of 100,000 points within each country.
Standard deviation represents the variation in exposure across the population
of each country.

Niger
Djibouti
Burkina Faso
Mali
Mauritania
Maldives
Sudan
Antigua
Chad
Guam
Cambodia
Benin
Qatar
Micronesia
Bahrain
Ghana
Thailand
United Arab Emirates
Togo
Saint Vincent and the Grenadines
––
Denmark
North Korea
Slovakia
Austria
Switzerland
Armenia
Lithuania
Belarus
Kazakhstan
Kyrgyzstan
Latvia
Liechtenstein
Sweden
Canada
Estonia
Norway
Russia
Finland
Iceland
Mongolia

Mean annual temperature,
1961-1990 (ºC)
28.5
28.4
28.1
28.1
28.1
27.8
27.8
27.6
27.5
27.4
27.4
27.3
27.2
27.2
27.1
27.0
27.0
27.0
26.9
26.8
––
7.8
7.6
7.6
7.6
7.5
6.8
6.4
6.4
6.1
6.1
5.9
5.7
5.6
5.4
5.1
4.6
4.1
3.5
3.1
-1.6
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Std. dev.
1.1
0.7
0.8
0.9
1.1
0.5
1.2
0.5
0.9
0.4
0.7
0.6
1.0
0.4
1.1
0.6
0.8
0.8
0.6
0.7
––
1.7
1.4
1.8
1.8
1.7
1.9
2.3
2.3
2.5
1.9
2.3
1.8
2.0
2.0
2.4
1.9
2.5
2.5
1.4
2.2

Using data that represent local climate change, applying the SCE model to mean
temperature anomalies among country populations shows wide variations in exposure to
changing temperatures over time (Table 3.4). Over the 30-year period leading up to
December 2009 (the most recent month for which the CRU TS 3.1 data are available), the
populations experiencing the highest mean temperature anomalies were located in
Luxembourg, Tunisia, Estonia, Mongolia, and Switzerland. By contrast, the populations
experiencing the lowest mean temperature anomalies were all located in the southern
hemisphere countries of Bolivia, Paraguay, New Zealand, Fiji, and Chile. Using these
data, it is also possible to visualize the distribution in population exposure to local
temperature change across the global population (Figure 3.6).

1.0
0.8
0.6
0.4
0.2
0.0

Figure 3.6: Bar chart showing population-weighted 30-year running mean temperature anomaly as
of December 2009 across 195 countries. Bar widths are scaled by each country’s proportion
of the global population. The 35 most populous countries are labeled.

The population-weighted climate indicators produced by the SCE model can also
be compared to traditional area-weighted averages of global climate indicators to illustrate discrepancies between the two methods. The typical method for estimating global
temperature change using gridded data is to calculate mean values within grid boxes,
calculate an area-weighted average of grid boxes within the northern and southern
hemispheres, and subsequently average the values between the two hemispheres to obtain
a global value (e.g. Brohan et al. 2006). However, this method poorly represents the
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Sudan

Italy
United Kingdom
Iran
South Korea
Germany
France
Spain
Russia

Japan

Ukraine

China

Indonesia
Canada
Kenya
South Africa
Poland
Brazil

Mexico
Tanzania
Philippines
Congo, DR
Nigeria

United States

Vietnam

Argentina

India

−0.2
Colombia
Turkey
Egypt
Pakistan
Myanmar
Bangladesh
Thailand
Ethiopia

Mean temperature anomaly (ºC)

Mean temperature anomalies across the global population, 1980-2009

average conditions to which the global population is exposed, since the population is not
distributed uniformly across the globe. As an alternative, the SCE model provides a
Table 3.4: Population weighted 30-year running mean temperature anomalies as of
December 2009 by country (highest 20 and lowest 20). Temperature anomalies
represent difference from 1961-1990 mean.

Luxembourg
Tunisia
Estonia
Mongolia
Switzerland
Latvia
Saint Vincent and the Grenadines
Belarus
Saint Lucia
Singapore
Sudan
Liechtenstein
Uganda
Costa Rica
Netherlands
France
Slovenia
Lithuania
North Korea
Germany
––
Peru
Australia
Micronesia
Angola
Somalia
Guam
Cyprus
Colombia
Oman
Solomon Islands
French Guiana
Papua New Guinea
Puerto Rico
Uruguay
Cape Verde
Chile
Fiji
New Zealand
Paraguay
Bolivia

30-yr running mean temperature anomaly as
of Dec. 2009, based on 1961-1990 (ºC)
0.86
0.84
0.82
0.81
0.80
0.78
0.76
0.73
0.73
0.73
0.72
0.71
0.70
0.70
0.70
0.69
0.68
0.67
0.67
0.67
––
0.19
0.19
0.19
0.18
0.17
0.17
0.17
0.15
0.14
0.13
0.13
0.12
0.11
0.10
0.10
0.09
0.08
0.08
0.02
-0.20
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convenient method to estimate population-weighted exposure directly from such gridded
climate data.
As shown in a comparison of monthly mean temperature anomalies over the previous 60 years (Figure 3.7), results obtained through traditional area-weighting and the
SCE model’s population weighting can differ substantially. For example, as of December
2009 in the CRU TS 3.1 dataset, the global population-weighted 30-year running monthly
mean temperature anomaly (difference from the 1961-1990 mean) was 0.47 ºC, as
opposed to the global area-weighted mean temperature anomaly of 0.63 ºC. These
differences can be explained by the distribution of population away from extreme northern latitudes, which have so far experienced the highest rates of warming, and toward the
mid-latitudes and the tropics, which have experienced lower rates of warming. These
differences are also evident within countries, especially countries with large areas and
highly clustered populations. A comparison of the two most populous countries, China
and India, reveals greater differences between population-weighted and area-weighted
values in China, where the population distribution is less uniform (Figure 3.8).

Figure 3.7: Time-series plot of 60-month moving averages of population-weighted monthly mean
temperature anomaly (“Global population-weighted mean”) and the global area-weighted
mean temperature anomaly (“Global land surface mean”) by country. Climate data derived
using the SCE model from CRU TS 3.1 (Mitchell and Jones 2005).
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Figure 3.8: 60-month moving average of temperature anomalies from the CRU TS 3.1 dataset in
China and India. Blue line indicates population-weighted mean; red line indicates areaweighted land surface mean. Light gray shaded region indicates minimum and maximum
values. Light purple shaded region indicates 5th through 95th percentile of populationweighted values. Dark purple shaded region indicates 25th through 75th percentile of population weighted values.
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3.4 Conclusions
This chapter described the SCE model, a method to estimate and visualize how
populations are exposed to changing local climate conditions over time. This method was
designed to be an accurate and precise way to combine representative survey data with
local climate data. It solves the problem of combining two contrasting data models, one
originating in the physical sciences to represent continuous fields of environmental data,
and the other originating in the social sciences to represent discrete individuals and their
responses to survey questions. While the procedure described here has been targeted at
integrating climate data with public opinion survey data, the general methodology may be
applicable to a variety of applications. The integration of external contextual data with
survey data is a promising methodology that can help to explain the role of experience in
the formation of public perceptions about environmental and other issues, such as natural
hazard vulnerability. To illustrate the utility of the SCE model, results derived from the
model will be used in Chapters 4 and 6 to help explain public perceptions of local temperature change and beliefs about global warming.
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4. GLOBAL PERCEPTIONS OF LOCAL TEMPERATURE
CHANGE1
4.1 Introduction
It is difficult to detect global warming directly because most people only experience changes in local weather patterns, which are highly variable and may not reflect
long-term global climate trends. However, local climate change experience may play an
important role in adaptation and mitigation behavior and policy support (Weber 2006;
Marx et al. 2007; Spence et al. 2011). Previous research indicates that people can perceive and adapt to aspects of climate variability and change based on personal
observations (Deressa et al. 2009; Orlove et al. 2010; Osbahr et al. 2011). Experience
with local weather may also influence global warming beliefs (Joireman et al. 2010; Li et
al. 2011). Here we examine the extent to which over 91,000 respondents across 89
countries accurately detect recent changes in average local temperatures. We demonstrate
that public perceptions correspond with patterns of observed temperature change from
gridded climate station data. Respondents are also more likely to report that local temperatures have increased when asked during the warm season. Despite this seasonal bias,
individuals who live in places with rising average temperatures are more likely than
others to perceive local warming. As global climate change intensifies, changes in local
temperatures and weather patterns may be increasingly detected by the global public.
These findings also suggest that public opinion of climate change may shift, at least in
part, in response to the personal experience of climate change.

4.2 Main
As average global temperatures rise, humans around the world will experience local
weather events that fall outside the range of recent experience (Rahmstorf and Coumou
2011). For example, abnormally hot weather will generally become more likely and
abnormally cold weather will generally become less likely as average global temperatures
rise (Rahmstorf and Coumou 2011). Although average temperatures have risen signifi-

1

Note: The content of this chapter is a research letter currently under review at the journal Nature Climate
Change and is formatted as such. Co-authors are Ezra Markowitz, Tien Ming Lee, Chia-Ying Ko, and
Anthony Leiserowitz.
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cantly across much of the world in recent decades (Solomon et al. 2007), it may be
difficult for people to directly perceive these long-term changes due to the variability of
the climate system (Trenberth 2012). As a result, climate change has been considered a
phenomenon that is particularly challenging for humans to perceive directly, resulting in
climate change risk communication messages that emphasize descriptive evidence of
global warming rather than direct experience (Marx et al. 2007). However, local climates
in many places are now changing in ways that may be directly perceptible through
everyday experiences of weather (Hansen et al. 1998), and recent polling suggests that
many individuals are indeed perceiving these changes (Leiserowitz et al. 2012a). This
finding is important because for scientifically abstract risks like climate change, descriptive information alone may not motivate concern or behavior change to the same extent
as recent personal experience (Weber 2006). Thus, there is a need to understand how
people interpret climate change based on their personal experience.
This study examines perceptions of recent local temperature change among 91,000
residents of 89 countries in Africa, the Americas, Asia, and Europe in 2007–2008, a
sample that is representative of 80 percent of the global population. We investigate the
extent to which perceptions of local climate change correspond with high-resolution
historical climate data. We further characterize individual and regional influences on the
perception of recent local temperature change.
Previous research has found that experience with everyday and extreme weather
can influence beliefs about climate change. For example, direct visceral experience of
warmth has been found to increase belief in global warming among US college students
(Joireman et al. 2010; Risen and Critcher 2011). Among residents of the US and Australia, perceptions of increasing local temperatures have been found to influence belief and
concern about global warming (Krosnick et al. 2006; Li et al. 2011). Experiencing
extreme weather events such as floods has also been shown to influence global warming
risk perceptions and mitigation behavior (Spence et al. 2011). While discrete local
weather events may influence beliefs about global warming, it is also possible that
individuals may not notice gradual local climate changes, for example, in developed
regions where people spend increasing amounts of time in climate-controlled buildings,
isolated from the external environment (Hitchings 2011). More generally, as climates
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change in local places around the world it remains unknown whether most people can
accurately detect change in long-term average conditions through personal experience.
Detecting change requires comparison of current conditions with memories of past or
“normal” conditions (i.e., a reference point), and it is possible that gradual temperature
changes may remain beneath the threshold of perception (Hulme et al. 2009). It is also
increasingly important to understand how perceptions of local climate variability and
change among vulnerable individuals and communities may influence adaptive capacity
to climate change (Adger et al. 2007).
We examine whether exposure to external climatic stimuli through the everyday
experience of local weather serves as a nontrivial source of information from which
individuals form judgments about long-term changes in local climate. The experience of
an unusually hot or cold day serves as probabilistic evidence—however slight—for a
shift in average local temperatures. Over the long term, climate change could be perceived by accessing memories of accumulated weather experience to judge the difference
between current and past conditions. Indeed, case-study research indicates that individuals are capable of perceiving and adapting to local variability and change in climate
without the use of modern meteorological data collection and analysis (Strauss and
Orlove 2003). Firsthand knowledge about local climate variability and change can be
obtained through personal weather experience, observations of plant and animal phenology, astronomical observations, and landscape changes (Sánchez-Cortés and Chavero
2011; Petheram et al. 2010; Weatherhead et al. 2010; Battaglini et al. 2009; Orlove et al.
2000). Climate knowledge is then transmitted through, for example, narratives, cultural
expectations, and agricultural practices (Marin 2010; Rebetez 1996). Evidence also
suggests that individuals are capable of accurately perceiving changes in climate at fine
spatial scales (Ruddell et al. 2012).
While prior studies have found that populations of agricultural communities are
able to detect changes in locally relevant climatic indicators, there has been little broadscale research on local climate change perceptions seeking to make generalizable claims
across representative populations at cross-national scales. This study assesses whether
recent changes in local temperatures have been perceived by a broad sample of the global
population, and whether individual and local climatic characteristics influence these
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perceptions. We hypothesize that perceptions of local temperature change will correspond with departures from normal temperature at the national and local scale.
Additionally, we hypothesize that the season in which respondents are asked about local
temperature change will positively bias perceptions of local temperature change, with
individuals more likely to perceive long-term warming during the local warm season. We
utilize nationally representative survey data collected in 89 countries in 2007–2008 (n =
91,073) by the Gallup World Poll. To gauge perceptions of recent local temperature
change, respondents were asked, “Over the past five years, would you say that the
average annual temperatures in your local area have gotten warmer, colder, or stayed
about the same?”
Survey responses were georeferenced at the national level for the total sample of 89
countries, and at the local level by 433 first-level administrative units within a subset of
46 countries for which higher-resolution locational data were available. Climatic conditions can be spatially heterogeneous within countries, so this analysis uses a subset of
data georeferenced at the more precise subnational scale to confirm results obtained from
coarser national-level data. In order to match survey responses to local climatic conditions, climate observations representing the average monthly temperature anomaly
(difference from the 1961-1990 mean) experienced by a representative sample of the
population of each country and each first-level administrative division within the subset
of 46 countries were modeled by combining high-resolution gridded monthly temperature
data (Mitchell and Jones 2005) with a high-resolution population distribution grid (Dobson et al. 2000). Since the survey item of interest specifically refers to perceptions of
change in average annual temperatures, in this analysis we use the 12-month moving
average of the population-weighted monthly mean temperature anomaly leading up to the
month each respondent was surveyed.
The majority of respondents reported perceiving warmer annual average temperatures over the past five years (Table 4.1). As would be expected if perceptions were
responding to spatial differences in climate, countries with populations experiencing
more-extreme positive mean temperature anomalies generally had a greater percentage of
respondents perceiving higher annual average temperatures, providing initial support for
our first hypothesis (Figure 4.1). Likewise, country-level results generally clustered in
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regional patterns. For example, Eastern Europe was experiencing a heat wave around the
time of the survey, and high percentages of respondents throughout the region reported
perceiving long-term warming.

Table 4.1: Descriptive statistics of survey sample.
Total sample

Sample with local
geographic data
46,819
46
433

Respondents (n)
91,073
Countries
89
Local geographic units
Demographic characteristics
Age (years)
37.3 (16.9)
36.4 (16.0)
Gender (% female)
53.7
51.8
Local temperature change perception
"Warmer" (%)
72.8
70.9
"Stayed about the same" (%)
16.9
18.7
"Colder" (%)
10.3
10.4
Climate characteristics
Surveyed during warm seasona (%)
63.5
64.3
Surveyed during wet seasonb (%)
43.8
44.3
12-month mean temperature anomalyc (ºC)
0.80 (0.83)d
0.75 (0.65)e
Standard deviations in parentheses
a
Monthly mean temperature above annual mean temperature during month of survey
b
Monthly total precipitation above annual mean monthly precipitation during month of survey
c
Departure from 1961-1990 monthly mean temperature
d
National-level population-weighted 12-month running mean temperature anomaly.
e
Local-level population-weighted 12-month running mean temperature anomaly.
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Figure 4.1: Scatter plot of national population-weighted 12-month running mean temperature
anomaly (departure from 1961-1990 mean) at survey completion date by percent of respondents perceiving “warmer” annual average temperatures over the past 5 years. Points
(N=89) are labeled by 3-letter ISO country code and colored by region (red: Africa; blue:
Asia; green: Europe; violet: North America; gold, South America).

At the individual level, respondents who perceived a recent warming trend were in
fact more likely to have been exposed to higher mean temperature anomalies at both the
national and local level than those who perceived a cooling trend or no trend (Figure
4.2). The 12-month moving average of the national population-weighted monthly mean
temperature anomaly (with respect to the 1961-1990 base period) up to the month of
survey completion was 0.87 ºC (SD=0.84) for respondents who perceived recent warming, 0.79 ºC (SD=0.78) for respondents who perceived temperatures had stayed about the
same, and 0.38 ºC (SD=0.54) for respondents who perceived recent cooling. Respondents
who perceived different temperature trends were experiencing significantly different
national annual average temperature anomalies during the month when the survey was
completed (Kruskal-Wallis test, DF = 2, p < 0.001). The annual average temperature
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anomalies experienced by the three groups sharply diverged about six months prior to the
survey data, suggesting that recent weather conditions may have a considerable influence
on perceptions of long-term climate trends. Likewise, respondents who perceived different temperature trends were also experiencing significantly different annual average
temperature anomalies at the local level (Kruskal-Wallis test, DF = 2, p < 0.001).
Multilevel binary logistic regression models were then constructed to investigate
the influence of national and local areas (level 2) and individual (level 1) factors on
temperature change perceptions. Table 4.2 presents results of two models using the total
sample georeferenced at the national level—a null model and a fully fitted model—and a
similar set of two models based on the subset of data that was georeferenced at the local
level. The outcome variable in each model is the probability that respondents will answer
“warmer” to the local average annual temperature change item (recoded to two levels:
warmer or not). Perceptions of local warming had an intraclass correlation (ICC) of 18%
within national-level groups of respondents and 31% within local-level groups of respondents, as would be expected if perceptions were responding to local climate
influences.
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Figure 4.2: Time series of mean temperature anomaly by response to 5-year temperature change
perception item. Vertical axis represents population-weighted 12-month running mean temperature anomaly (departure from 1961-1990 mean). Horizontal axis represents months
before survey completion date. Vertical bars represent standard deviations. A) National
population-weighted temperature anomalies (89 countries). B) Sub-national populationweighted temperature anomalies (46 countries, 433 regions).
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Table 4.2: Multilevel model results predicting perceived local warming.
National-level data
Local-level data
Null model
Full model
Null model
Full model
Intercept

1.09 (.09)***

0.58 (.15)***

0.89 (.06)***

0.28 (.11)***

Demographics (level 1)
Gender (1: female vs. 0: male)
Age (10 years)

0.01 (.02)
–0.01 (.01)

0.01 (.02)
–0.01 (.01)

Area-level variables (level 2)
12-month mean temperature anomaly (ºC)
Season: temperature (1: warm vs. 0: cool)
Season: precipitation (1: wet vs. 0: dry)

0.29 (.09)**
0.42 (.17)*
0.04 (.16)

0.48 (.09)***
0.75 (.14)***
–0.42 (.14)**

Model characteristics
n (level 1)
91073
91073
n (level 2 units)
89
89
Level 2 variance
0.70
0.57
Intra-class correlationa
0.18
0.15
Proportional change in varianceb
-18.96%
AIC
95623
95614
Unstandardized regression coefficients.
*p < 0.1, **p < 0.05, ***p < 0.01, Standard errors in parentheses.
a
ICC calculated using latent variable method
b
Percent change in level 2 variance from null model

46819
433
1.48
0.31
49646

46819
433
1.19
0.27
-19.19%
49601

Controlling for gender and age, local- and national-level climate characteristics
were significant predictors of perceived local warming (other socio-demographic variables were not available for the full dataset). The national or local-level 12-month mean
temperature anomaly accounts for between 8–13% of the level 2 variance in perceptions
of local warming, while the addition of seasonal indicator variables for temperature and
precipitation accounts for an additional 6–11% of the area-level variance in perceptions
of local warming. Including both sets of climate variables accounts for about 19% of the
area-level variance in perceptions of local warming.
Whether the survey was conducted during the warm or cool season had a significant effect on perceptions of local warming. During the warm season—months with
mean temperatures higher than the annual mean—respondents were between 11–19%
more likely than during the cool season to perceive positive temperature change over the
past 5 years. Seasonal precipitation exhibited no effect upon the total national-level
sample, and a moderate effect upon the local sample, which had a larger proportion of
respondents residing in the tropics where there are major seasonal variations in precipita116

tion. During the dry season—months with total precipitation less than the annual mean
monthly total—respondents were about 10% more likely to report positive temperature
change over the past 5 years than during the wet season.
When controlling for both demographic differences and seasonal effects, recent national and local temperature anomalies remained a significant predictor of perceptions of
local warming. An increase in the 12-month mean temperature anomaly of 1 degree
Celsius was associated with a 7–12% increase in the probability that respondents would
report positive annual average temperature change over the past 5 years.
It is important to note that we cannot definitively attribute causal relationships between the climatic conditions experienced by respondents and their perceptions. This
study utilized cross-sectional survey data, and further research utilizing repeated crosssectional surveys and even within-subject longitudinal studies may allow for more robust
inferences about the influences of direct experience on individual climate change perceptions. However, this study did include two countries, Burkina Faso and Singapore, where
repeated cross-sectional data were available in both 2007 and 2008 (Table 4.3). In both
countries the proportion of respondents perceiving local warming was significantly
greater during periods with higher mean temperature anomalies over the previous year,
supporting our findings from the broader analysis [Burkina Faso: χ2(1,1941)=75.3,
p<.001); Singapore: χ2(1,1884)=5.8, p=.02)].

Table 4.3: Descriptive statistics from repeated surveys.
Burkina Faso
July,
April,
2007
2008

Singapore
May,
February,
2007
2008

Respondents (n)

948

993

951

933

Local temperature change perception
"Warmer" (%)
"Stayed about the same" (%)
"Colder" (%)

76.6
19.8
3.6

91.0
6.9
2.0

85.2
14.3
0.5

81.0
17.7
1.3

Cool
Wet

Warm
Dry

Warm
Dry

Cool
Dry

0.39

0.49

0.78

0.70

Climate characteristics
Season: temperature
Season: precipitation
12-month mean temperature anomaly,
national level (ºC)
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This study also found that perceptions of local temperature change vary around the
world in part due to variation in local climates. There appears to be a moderate seasonal
influence on perceptions of local temperature change—during the warm season, respondents were significantly more likely to report that temperatures had been getting warmer
over the long term. These results are consistent with previous studies that suggest beliefs
about global warming are influenced by recent weather (Joireman et al. 2010; Li et al.
2011), as well as research that indicates that visceral sensations of warmth allow related
concepts like global warming to be more easily brought to mind (Risen and Critcher
2011).
Importantly, perceptions of local temperature change also correspond to quantifiable observations of recent temperature change based on climate station data. The average
temperature anomaly in the regions in which respondents live was significantly correlated
with perceptions of local temperature change. Thus, although perceptions were influenced by non-climate change factors like seasons, they also appear to respond to longerterm climate changes. On average, individuals were generally capable of detecting recent
positive or negative changes in average temperatures in their local area.
These findings suggest that as global climate change continues to cause increases in
local average temperatures, individuals may increasingly notice these changes through
their own direct experience. In line with recent findings regarding the effects of local
weather on perceptions of climate change within the U.S. (Egan and Mullin 2012), here
we find evidence that across many countries people are detecting temperature changes in
their local environments with some accuracy; this finding may have important implications for our collective ability and willingness to respond to climate change in the coming
years (e.g., adaptation). Given past research linking perceptions of local change with
concern over and willingness to respond to climate change, the present findings suggest
that the likelihood of greater public engagement with the issue will increase as the
climate warms.
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4.3 Methods
4.3.1

Data collection
This study uses cross-national representative survey data collected by the Gallup

World Poll in 2007–2008 in 89 countries. Due to the size and complexity of the aggregated survey dataset, geographic data at the local level were only available in a subset of 46
countries, representing 433 subnational administrative units with a mean area of 63,627
km2 (SD=116,837). Surveyed countries included: Angola,1 Argentina, Armenia, Azerbaijan,* Belarus,* Belgium, Belize, Benin,* Bolivia, Botswana,* Brazil, Burkina Faso,*
Burundi,* Cambodia,* Cameroon,* Canada, Chad,* Chile, China, Colombia, Costa Rica,
Czech Republic, Denmark, Djibouti,* Dominican Republic, Ecuador, Egypt, El Salvador,
Georgia,* Ghana,* Greece, Guatemala, Guyana, Honduras, Hungary, India,* Indonesia,
Iran, Israel,* Italy,* Japan,* Jordan, Kazakhstan,* Kenya,* Laos, Liberia, Madagascar,*
Malaysia,* Mali,* Mauritania,* Mexico, Moldova,* Mongolia, Morocco, Mozambique,*
Nepal,* Netherlands, Nicaragua, Niger,* Nigeria,* Palestinian Territories,* Panama,
Paraguay, Peru, Philippines,* Poland,* Republic of Korea, Republic of the Congo,*
Romania, Rwanda,* Saudi Arabia, Senegal,* Sierra Leone, Singapore, South Africa,*
Spain, Sri Lanka,* Sweden, Thailand, Togo,* Turkey,* Uganda, Ukraine,* Tanzania,*
United States of America,* Uruguay, Vietnam,* Zambia,* and Zimbabwe.* Burkina Faso
and Singapore were the only two nations that were surveyed in both 2007 and 2008.
Surveys were conducted with randomly selected nationally representative samples using
either telephone or face-to-face interviews. Survey questions were translated into the
major languages of each country. Telephone interviews were used in countries with at
least 80% telephone coverage. Survey sampling was representative of the national
population aged 15 and older. The sampling frame includes all populated places within
each country, both rural and urban, except inaccessible areas or where the safety of
interviewers was threatened.

1

Subnational geographic data available
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4.3.2

Data analysis
This analysis relies on a high-resolution gridded (0.5º x 0.5º) historical climate da-

taset constructed from station records (CRU TS 3.1). Mean monthly temperature
anomalies were created by calculating the difference in the monthly mean of daily mean
temperature (Tmp) in each grid cell from the 1961-1990 monthly mean. Since population
distribution is not spatially uniform within countries or administrative boundaries, this
analysis used global gridded population distribution data to estimate the average temperature change experienced by a representative sample of the population within countries
and administrative regions. Temperature anomalies were extracted from climate grids
using a spatial point model of population density created from the Landscan 2008 global
population grid using Monte Carlo simulation. Extracted climate values were averaged
across all population points within each country to obtain population-weighted values
that approximate a representative sample of the population within each region.
To test our hypotheses we first calculated the 12-month moving average of the
population-weighted monthly mean temperature anomalies experienced at the national
and sub-national level by response to the local temperature perception item. Group means
were compared using a Kruskal-Wallis one-way analysis of variance. To test climatic and
individual influences on responses to the temperature perception item we constructed two
sets of four multilevel binary logistic regression models, with the first set of models using
the national-level climate data and the second set of models using the sub-national level
climate data.
This study relied on temperature estimates averaged across the population distribution of entire countries or sub-national units rather than precise local resolution data
georeferenced at the household level. National or sub-national data provide the best
estimate of the average temperatures experienced by survey respondents within regions
of interest, but they do not capture variation within these spatial units. The use of such
spatially aggregated data suggests that our results may be underestimating the effect of
local temperatures on individual perceptions, since higher resolution pairing of respondent locations with local climate data may lead to greater accuracy in quantifying
individual experience, as we found when comparing results from data georeferenced at
the national-level to the subset of data georeferenced at the sub-national level. These
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findings support the need for further survey research with more precise corresponding
household-level locational data.
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5. SEASONAL CLIMATE PERCEPTIONS AND GLOBAL
WARMING BELIEFS IN THE U.S.
5.1 Introduction
As described in the previous chapter, weather conditions are a readily available
source of information that, when aggregated together over time, can help people to detect
long-term climate trends. However, short-term weather conditions also have the potential
to bias perceptions about long-term climate change. For example, survey evidence in the
U.S. has shown that the unusual winter of 2009-2010 (the “snowpocalypse”) caused
many respondents to question that global warming was occurring (Leiserowitz et al.
2010). Likewise, recent natural disasters and extreme heat in the U.S. appear to be
amplifying concern about global warming (Leiserowitz et al. 2012a). These episodes
have reaffirmed the importance of research by social scientists on the role that experiencing extreme and unusual weather plays in global warming-related beliefs, risk
perceptions, policy preferences, and behaviors (Weber 2006; Marx et al. 2007).
This topic continues to be of considerable interest because weather and climate
conditions continue to be consistent with global warming projections. For example,
maximum temperature records are broken more than twice as frequently as minimum
temperature records in the continental U.S. (Meehl et al. 2009), and extreme events such
as the 2011 Texas heat wave and drought have become much more likely (Peterson et al.
2012). Such extreme weather and climate events may increase the chances that individuals begin to believe they are personally experiencing climate change (Hansen et al. 1998).
While any single weather event cannot be directly attributed to long-term processes like
global warming, the accumulation of experience with weather events that fall outside the
range of previous experience can serve as evidence that the climate is changing, since
extreme events become more likely as the world warms (Meehl and Tebaldi 2004;
Rahmstorf and Coumou 2011). Conversely, weather events that are inconsistent with
popular imagery associated with global warming, such as major snowstorms, may
erroneously be considered to be evidence against climate change (Leiserowitz et al.
2011). However, if people are to use their personal experience as an effective form of
evidence to inform their beliefs, risk perceptions, and behaviors in response to climate
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change, then they must be able to accurately detect the extent to which recent conditions
are unusual.
It is therefore important to understand how people perceive their local climate, and
what factors influence the accuracy of judgments about whether local climates are
changing. While previous case study research indicates that individuals and communities
can detect and adapt to place-dependent aspects of climate variability and change (e.g.
Strauss and Orlove 2003), it is not known whether the public in a modern industrialized
society is capable of accurately perceiving differences in seasonal climate based on
individual experience. Moreover, while there is some evidence that experience with local
weather may also influence global warming beliefs (Borick and Rabe 2010; Li et al.
2011; Egan and Mullin 2012), there has been little attention to possible biases in seasonal
climate perceptions introduced by beliefs and attitudes about global warming.
To address these gaps, this chapter examines influences on patterns of seasonal
climate perceptions in the U.S. using representative national survey data collected in
spring 2011. This analysis pays particular attention to perceptions of seasonal temperature and precipitation during two extreme seasons: summer 2010 and winter 2010-2011.
Summer 2010 was one of the hottest summers on record in the U.S., while winter 20102011 was much colder than average for much of the country. Examining perceptions of
these two seasons in the U.S. provides a useful inquiry into the extent to which individuals living in modern industrialized societies perceive local climate conditions, whether
the spatial patterns of perceptions correspond with the spatial distribution of observed
seasonal climate data, and the possibility of global warming beliefs biasing seasonal
climate perceptions.

5.2 Background
As detailed in Chapter 2, there has been extensive research in communities around
the world documenting cases of individuals detecting changes in their local climate and
adapting to those changes (e.g. Smit et al. 1997; Orlove et al. 2000; Roncoli et al. 2002;
Thomas et al. 2007; Tschakert et al. 2010; Weatherhead et al. 2010; Deressa et al. 2011).
These changes range from long-term shifts in average temperatures to the disappearance
of certain animal and plant species to the changing frequency of droughts. However, this
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research has almost exclusively been carried out at the local scale using case studies of
one or a small number of communities. The communities in these studies tend to be rural,
with most residents engaged in livelihoods based on agriculture, ranching, or fishing.
Because their livelihoods are dependent on the weather, the people included in such
research have a strong incentive to pay attention to the variability of local weather and
climate, and unsurprisingly tend to notice changes in the climate. Indeed, as described in
Chapter 2, the changes that people notice tend to be closely related to the aspects of the
weather that have the most direct effect on the livelihoods in which they engage, to such
an extent that residents of the same community might notice different changes depending
on their occupation (Meze-Hausken 2004; Osbahr et al. 2011). Less clear is how individuals whose lives are less weather-dependent might perceive local climate changes, and
whether those perceptions might differ from those of people who consistently depend on
the weather. In the U.S., except in cases when extreme weather events become natural
disasters that affect a broad cross-section of society, only a small share of the population
is employed in a profession that is as directly dependent on the vagaries day-to-day
weather as, for example, a farmer who relies on rain-fed agriculture, (Meyer 2000).
Continuing with this example, many farmers in the U.S. are able to reduce their risks
from weather-related hazards with access to irrigation and insurance. Moreover, the
populations of industrialized countries like the U.S. have extensively adopted indoor
climate control technologies that insulate them in a thermal environment disconnected
from their local climate for much of the day (Hitchings 2011). All of these differences
suggest that the public in the U.S. might perceive their local climate differently than
residents in the non-industrialized world. They also raise the question of whether the
personal experience of residents in the U.S. provides sufficient information to identify
long-term climate changes.
This analysis examines one facet of local climate perceptions: judgments about
whether previous seasonal variations of temperature and precipitation have been above
normal, no different than normal, or below normal. However, the process by which
people make such judgments about local seasonal climate are similar to how people
detect changes or trends in local climate more generally. This process, if accurate, can
help to improve the information individuals have about their local climate to facilitate
124

adaptive behavior. Identifying abnormalities in seasonal climate involves comparing
current experience to memories of past experience. If memories of past experience are
uninformative or inaccurate, it is possible that current conditions may be falsely judged to
be normal or abnormal, depending on the direction in which memories of past experience
have been distorted. This process applies on a range of time scales. For example, an
individual may assume a 100-degree day in June to be normal for that time of year if she
remembers previous years with hot days in June, whether or not those memories are
accurate. Thus, for personal experience with short-term climate conditions to be an
effective source of information about long-term local climate change, individuals must be
able to perform two processes: perceive current weather conditions, and compare their
perceptions to the long-term climate. If perceptions of current conditions and memories
of past conditions are accurate, then personal experience may be able to serve as a useful
source of information for adaptation to the specific climatic changes happening in local
places.
There are, however, multiple ways in which climate perceptions and memories may
be distorted that could inhibit the utility of personal experience as an adaptive mechanism. When asked to make a rapid assessment of a complex phenomenon like the
climate, people may rely on intuitive and affective processes to answer the question,
which may create systematic biases in how people perceive seasonal climate. Cognitive
biases such as the tendency to overweight recent experience in memory (known as the
recency effect or availability heuristic) and the tendency to disregard the prior probabilities of events (known as base rate neglect) may lead people to believe that the recent
weather that they have experienced is more representative of a longer-term period than it
really is. The recency effect has been shown to cause people to overreact to current
information and underweight or ignore prior information (Tversky and Kahneman 1973;
Arrow 1982). Existing evidence suggests that recency effects are indeed present in farmer
decision-making with respect to climate information (Hansen et al. 2004). Base-rate
neglect, an example of the representativeness heuristic (Kahneman and Tversky 1973),
explains why people may fail to account for prior probabilities when evaluating conditional probabilities (Koehler 1996), and may lead to people assign an inordinate weight to
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unusual short-term weather events when evaluating the probability of long-term climate
change.
A further source of error in judgments about seasonal climate may result from motivated reasoning or confirmation bias. Motivated reasoning is the unconscious tendency
to fit information to conclusions that correspond with a preexisting belief or goal (Kunda
1990). This bias may lead people to selectively misremember their experiences in ways
that reinforce their beliefs about global warming. Evidence from a study of the midwestern U.S. supports this view, showing that farmers who believed climate change was
occurring were more likely to accurately remember a local warming trend over the past
five years (Weber 1997). Motivated reasoning may not influence memories of all types of
weather uniformly, however: memories of local temperatures may be more influenced by
global warming beliefs than memories of local precipitation because of the saliency of
the association between global warming and temperature. Global climate models nearly
all project rises in average temperatures in most of the world—projections that are
frequently included in climate change communication messages (Meehl et al. 2007).
Projected changes in precipitation, however, are much more place-dependent and comparatively uncertain (Christensen et al. 2007). These differences between temperature and
precipitation imply a more intuitive association between the concepts of seasonal temperatures and global warming. For those who believe that the global climate is getting
warmer, associating global warming with rising local temperatures would require less
cognitive load than associating global warming with climate model projections for local
precipitation change. Therefore, motivated reasoning would likely bias memories of
seasonal temperature to a greater extent than memories of seasonal precipitation. A final
consequence of the role of motivated reasoning in the perception and memory of seasonal
climate may be visible among groups who have different strengths of belief in global
warming: those who have more strongly held pre-existing beliefs about global warming
would be more likely to have biased seasonal climate perceptions than those who have
weakly held pre-existing beliefs about climate change (e.g. Ding et al. 2011). This
analysis examines the extent to which seasonal climate perceptions reflect patterns
suggested by these cognitive biases.
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5.3 Hypotheses
This chapter examines four hypotheses about the perception of recent seasonal climate conditions and its relationship with beliefs about global warming, with particular
attention to distortions in seasonal climate perception created by recency and motivated
reasoning. The analysis begins with an exploration of the spatial pattern of U.S. seasonal
climate perceptions. The first hypothesis (H1) is that perceptions are based on personal
experience (Table 5.1). If based on experience, seasonal climate perceptions would tend
to be similar among individuals nearer to each other and dissimilar among individuals at
greater distances, since nearby individuals would be more likely to share the same
experiences. Finding evidence for spatial clustering of respondents who have similar
seasonal climate perceptions would support this hypothesis.
If the initial analysis indicates significant spatial clustering among responses, it follows that there would be significant local clusters of responses in places with greater
seasonal climate extremes. Therefore, the second hypothesis (H2) is that the pattern of
local climate perceptions will generally reflect the patterns indicated in local climate data.
In other words, people would have generally accurate perceptions of seasonal climate as
recorded in instrumental data. If so, individuals will be able to detect if seasonal temperature and precipitation are above normal, below normal, or comparatively normal in their
local area.
The third hypothesis (H3) follows from the influence of the recency effect: while
perceptions may be generally accurate, they will tend to reflect more recent conditions.
Easily accessible information, such as current weather conditions, may influence evaluations of past climate. If seasonal climate perceptions are affected by recency and
availability biases, then individuals would be more accurate in their judgments about
more recent conditions than about conditions they had experienced earlier. For example,
when asking people in March to judge the average temperature during the most recent
winter in which December was warmer than normal and February was cooler than
normal, their assessments of the seasonal average would be expected to be closer to the
February average than to the December average.
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Table 5.1: Hypotheses
Null hypothesis
Negative or lack of global spatial
clustering of seasonal climate perceptions

Alternative hypothesis
Positive global spatial clustering of seasonal
climate perceptions

H2

Negative or lack of local spatial
clusters of seasonal climate perceptions

Local spatial clusters of seasonal climate
perceptions coincident with local seasonal
temperature and precipitation anomalies

H3

No relationship between current monthly
temperature and precipitation anomalies
and climate perceptions for preceding
seasons

Positive relationship between current
monthly temperature and precipitation
anomalies and climate perceptions for
preceding seasons

H4

No differences in seasonal climate
perceptions among individuals with
different sets of climate change beliefs
(6 Americas segments), when controlling
for local climate conditions

A. Individuals who believe climate change is
occurring and is a threat are more likely to
recall seasonal temperatures that are
consistent with global warming.
B. Individuals who believe climate change is
not occurring and/or not a threat are less
likely to recall seasonal temperatures that
are consistent with global warming

H1

The fourth hypothesis relates to the role of motivated reasoning in seasonal climate
perceptions arising from beliefs about global warming. Survey research in the U.S. has
identified six segments of the American public that have relatively homogenous levels of
concern and beliefs about global warming (Leiserowitz et al. 2009; Maibach et al. 2011).
These segments range along a spectrum from the “Alarmed,” who believe climate change
is occurring, perceive it to be a serious threat, and support policies and personal behavior
changes to mitigate the threat, to the “Dismissive,” who believe climate change is not
occurring, do not perceive it to be a serious threat, and do not support mitigation policies
or personal behavior changes (Figure 5.1). Also along the spectrum are the “Concerned,”
who like the Alarmed believe climate change is happening and a threat, but are not
personally engaged with the issue; the “Cautious,” who believe climate change is a
problem but are uncertain it is occurring; the “Disengaged,” who have not formed strong
opinions about global warming; and the “Doubtful,” which includes those who think
climate change is occurring but is not human caused, and those who believe that climate
change is not a serious threat.
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Figure 5.1: Proportion of U.S. population in Six Americas segments, March 2012 (Leiserowitz et al.
2012b, 14).

If motivated reasoning does influence seasonal climate perceptions, then the fourth
hypothesis (H4) is that respondents with different sets of beliefs and attitudes about
global warming would likely exhibit significantly different seasonal climate perceptions,
when controlling for the local climatic conditions experienced by each respondent. For
instance, those who believe in the existence, certainty, and threat of global warming (i.e.
the Alarmed and the Concerned) would be biased toward recalling seasonal temperatures
that were above normal. Conversely, those who believe that global warming is not
happening, is uncertain, or is not a threat (i.e. the Dismissive and the Doubtful) would be
biased toward recalling seasonal temperatures that were no different from normal or
below normal. This bias may be more likely to influence concepts that are most easily
associated with preexisting beliefs, meaning that beliefs about global warming would
likely have a larger effect on perceptions of seasonal temperature than on perceptions of
seasonal precipitation. Finally, individuals who have more strongly held beliefs about
global warming would be expected to exhibit more extreme biases than those who have
weakly held beliefs. For example, those who strongly believe global warming is not
occurring, do not support mitigation policies, and are personally engaged with the issue
(i.e. the Dismissive) would be more likely to exhibit biased seasonal climate perceptions
than those who believe global warming is occurring but not a threat, and are less engaged
with the issue (i.e. the Doubtful). Likewise, those who are strongly engaged with the
issue but believe global warming is a serious personal threat (i.e. the Alarmed) would be
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more likely to have biased seasonal climate perceptions than those who believe global
warming is a threat but are less engaged with the issue (i.e. the Concerned).

5.4 Methods
This study is based on results from a nationally representative survey in the U.S in
April and May 2011. The survey was organized by the Climate Change in the American
Mind project of Yale University and George Mason University. The survey was the fifth
wave in a set of similar surveys begun in November, 2008, from which six audience
segments of the American public were identified with respect to global warming beliefs,
policy preferences, and behaviors, known as “Global Warming’s Six Americas”
(Leiserowitz et al. 2009; Maibach et al. 2011). The survey was conducted by Knowledge
Networks using a probability-based online panel design weighted to reflect a representative sample of U.S. adults. Survey respondents were sampled from a panel of over 50,000
members recruited using random-digit dialing (RDD) and address-based sampling. To
ensure that the panel is nationally representative, members without internet access receive
a netbook and internet service. Panelists receive incentives of $4 to $6 to complete
surveys. Surveys with probability-based online panel designs have been shown to generate population estimates at least as accurate as those obtained from traditional telephone
RDD samples (Chang and Krosnick 2009). The survey was fielded from April 22 to May
11, 2011, with a total sample of 1,143 adults aged 18 or older, of which 1,010 completed
the survey. The margin of sampling error was ±3 percent with 95 percent confidence.
Four survey items are highlighted in this study. These items relate to perceptions of
seasonal temperature and precipitation during the previous winter (winter 2010-2011) and
the previous summer (summer 2010). The questions were presented as follows: 1) “Has
this winter in your local area been warmer, colder, or no different than normal?” 2) “Has
this winter in your local area brought more snow or rain, less snow or rain, or was it no
different than normal?” 3) “Thinking back to last summer, in your local area was it
warmer, colder, or no different than normal?” 4) “Thinking back to last summer, in your
local area, did it bring more rain, less rain, or was it no different than normal?” The
survey also contained a battery of questions related to global warming beliefs, policy
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preferences, issue identification, and behavior that was used to assign respondents to likeminded audience segments (see Leiserowitz et al. 2009).
To facilitate spatial analysis and the acquisition of accurate and precise spatial climate data based on respondent locations, survey respondent households were geocoded
based on their nine-digit ZIP codes derived from street addresses. Nine-digit ZIP codes in
the U.S. represent a subset of five-digit ZIP code areas, such as city blocks or large
buildings. Respondent households were then represented as points based on the centroid
of the nine-digit ZIP code area. Geocoding based on nine-digit ZIP codes, while less
accurate than geocoding by address provides a greater spatial precision than geocoding
by five-digit ZIP codes and presents a lower chance of disclosing personally identifying
information than geocoding by address.
Spatial climate data were obtained from the PRISM climate mapping system,
which provides a high resolution monthly dataset of the continental U.S. using a
knowledge-base regression model (Daly et al. 2002; PRISM 2004). This analysis uses
grids of monthly mean temperature (derived as the average of the mean monthly
maximum and mininum temperature) and precipitation amount at the 2.5 arc minute scale
(approximately 4 km between grid points). For the purposes of this analysis, such highresolution gridded spatial climate data provide a more accurate spatial representation of
climate parameters than those available from individual climate station records. These
data are best aligned with the point locations of respondents available in the survey data,
since they account for fine-scale spatial variations in climate such as rain shadows,
temperature inversions, and coastal effects that may not be apparent in station data or
broad-scale gridded data. Since this analysis addresses perceptions of the difference in
recent seasonal climate from long-term averages, anomaly values were derived for each
month of the temperature and precipitation datasets. Temperature anomalies were
calculated as the difference between the current month’s mean temperature and the mean
temperature during that month during the period 1971-2000. Precipitation anomalies,
represented as a percentage of normal precipitation, were calculated by dividing the
current month’s precipitation amount by the mean precipitation amount during the period
1971-2000 and multiplying by 100.

131

To address the above hypotheses, this study uses several sets of methods. First, spatial analysis methods are used to identify patterns and possible clusters in responses.
These methods include the use of maps to identify visual patterns, random-labeling tests
and spatial scan statistics to identify general spatial clustering, and relative risk maps to
identify significant local clusters. The subsequent hypotheses are tested using analysis of
variance and chi-squared tests.

5.5 Results
5.5.1

Seasonal context
The survey was fielded in April–May 2011, a period during which the U.S. faced

multiple record-breaking extreme weather events, including tornadoes, floods, wildfires,
and drought (NCDC 2011b). The 751 tornadoes recorded in April 2011 set an all-time
U.S. record, while extensive rainfall and melting snowpack caused historic floods in the
Ohio River valley and the lower Mississippi River. March and April also saw abnormally
dry weather in Oklahoma, New Mexico, and Texas that caused extreme drought conditions in large areas of those states. The 2010-2011 drought led to major wildfires in New
Mexico and Texas that burned over 7,000 km2 (NCDC 2011b).
For much of the U.S., the seasons examined in this study contrast sharply with each
other relative to historical averages. The unusual conditions during spring 2011 followed
an unusual winter of 2010–2011, both of which coincided with relatively strong La Niña
conditions that began in fall 2010. Winter 2010–2011, as in other La Niña years, saw
storms bringing above-normal precipitation to the northern Midwest, the northeastern
states, and the Ohio Valley, while the Southern Plains and Southeastern states received
below-normal precipitation (Figure 5.2). The December 2010 through February 2011
period was colder than average across most of the midwestern and eastern U.S., particularly in the Southeast, where Florida experienced its tenth coldest winter in the 116-year
record (NCDC 2011a).
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Figure 5.2: Climatological winter (December, January, and February) 2010–2011 mean temperature
anomaly (top) and percent of normal precipitation (bottom). Data derived from monthly
PRISM (2004) analysis.

133

In contrast, summer 2010 was the fourth hottest summer on record in the U.S. as a
whole, with the highest temperature extremes occurring in the Mid-Atlantic and Southeast (Figure 5.3). June through August 2010 was the hottest climatological summer on
record in Rhode Island, New Jersey, Delaware, Maryland, Virginia, North Carolina,
Tennessee, South Carolina, Alabama, and Georgia. California and the Pacific Northwest
were not part of the pattern, experiencing normal or slightly below normal temperatures.
Precipitation was slightly below normal to slightly above normal across most of the U.S.,
with summer 2010 in the northern Midwest ranking among the 10th wettest on record
(NCDC 2010). There were also several small regions with much below normal summer
precipitation, including southeastern Missouri and western Kentucky, the California
Central Valley, and southern Mid-Atlantic region.
The contrasting conditions between the seasons examined in this survey serve as a
convenient natural experiment with which to examine perceptions of seasonal climate.
Summer 2010 was abnormally hot for much—but not all—of the U.S., while the following winter was abnormally colder in a similar swath of the country. Nevertheless, it is
important to note that the climatic extremes of spring 2011 may have influenced survey
responses, particularly regarding perceptions of seasonal precipitation in the Ohio Valley
and Northeast. These regions experienced persistent rainfall from March through May
2011, which may have influenced respondents’ assessments of the overall average
precipitation for winter 2010–2011. This may particularly be the case if conceptions of
local winter do not align with the months of climatological winter. For example, astronomical winter in the northern hemisphere extends to the vernal equinox on March 20,
and snowfall—associated with winter conditions—can occur after that date in much of
the northern U.S. Because of this disparity, the following analysis uses two combinations
of monthly climate data to represent local winter: December through February (i.e.
climatological winter), and December through March. Monthly data for April 2011 are
also included separately to examine the effect of extreme weather immediately before and
during the survey.
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Figure 5.3: Climatological summer (June, July, and August) 2010 mean temperature anomaly (top)
and percent of normal precipitation (bottom). Data derived from monthly PRISM (2004)
analysis.
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5.5.2

Descriptive survey results
The median age of respondents was 46, and approximately half (51.8 percent) were

female. The majority of respondents (55.9 percent) had completed at least some college,
with the remainder having completed high school (31.1 percent) or having less than a
high school education (12.9 percent). Most respondents were non-Hispanic white (68.2
percent). Approximately half (46.6 percent) of respondents had annual incomes above
$60,000. Political party affiliation was roughly evenly distributed between Republican
(45.8 percent) and Democrat (46.6 percent), using a measure that includes those who are
strongly affiliated with one party and those who lean towards one party. The geographic
distribution of respondents roughly reflected that of the U.S. population. By state, the
greatest number respondents lived in California (11.7 percent), followed by Texas (8.3
percent), New York (7.5 percent), and Florida (7.2 percent). The large majority of
respondents (83.7 percent) lived within a Metropolitan Statistical Area (MSA). The
Global Warming’s Six Americas audience segmentation was consistent with previous
U.S. representative surveys, with the majority of respondents classified as the Concerned
(26.5 percent) followed by the Cautious (24.0 percent), the Doubtful (15.0), the Alarmed
(11.8 percent), the Disengaged (9.9 percent), and the Dismissive (9.9 percent)
(Leiserowitz et al. 2011).
Between 986 and 997 respondents completed each of the four seasonal climate perception items (Table 5.2). The majority of respondents (58.0 percent) reported that
average temperatures during the previous winter had been much colder or a little colder
than normal, while most respondents (58.8 percent) also reported that there had been
much more or a little more rain and snow than normal during the previous winter. For the
previous summer, the largest portion (42.8 percent) of respondents reported that average
temperatures had been a little warmer or much warmer than normal, while nearly as
many (42.0 percent) reported that average temperatures had been no different from
normal. A similar number (47.3 percent) reported that precipitation during the previous
summer had been no different from normal.
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Table 5.2: Responses to seasonal climate perceptions items.
Temperature
Winter 2010-11a
Summer 2010

b

Precipitation
Winter 2010-11c

Much colder
n
%

A little colder
n
%

No different
n
%

A little warmer
n
%

190

18.8

396

39.2

278

27.5

105

10.4

27

2.7

14

1.4

119

11.8

424

42.0

266

26.3

167

16.5

Much less
n
%

A little less
n
%

No different
n
%

A little more
n
%

50

88

254

268

5.0

8.7

25.2

26.5

Much warmer
n
%

Much more
n
%
326

32.3

Summer 2010d
73
7.3
204
20.2
478
47.3
196
19.4
41
4.0
a. “Has this winter in your local area been warmer, colder, or no different than normal?”
b. “Has this winter in your local area brought more snow or rain, less snow or rain, or was it no
different than normal?”
c. “Thinking back to last summer, in your local area was it warmer, colder, or no different than
normal?”
d. “Thinking back to last summer, in your local area, did it bring more rain, less rain, or was it no
different than normal?”

Local climate conditions for respondents reflected those of the U.S. on average
(Table 5.3), with the average respondent experiencing above-normal temperatures and
near normal precipitation in summer 2010, and below-normal normal temperatures and
near-normal precipitation in winter 2010–2011. April 2011 was also a month of extremes
for the respondents, who on average experienced above-normal mean temperatures and
precipitation.

Table 5.3: Mean temperature anomaly and percent of normal precipitation at survey
respondent coordinates. Data derived from PRISM (2004), based on 1971-2000
normals.
Mean

Std. Dev.

Minimum

Maximum

June–August 2010

1.2

1.0

-2.5

3.0

December 2010–February 2011

-0.9

0.9

-3.3

2.1

April 2011

1.0

1.4

-3.4

4.0

June–August 2010

92.7

40.0

0.6

216.9

December 2010–February 2011

94.2

39.4

11.8

342.1

April 2011

122.0

74.3

0.0

379.6

Mean temperature anomaly (ºC)

Percent of normal precipitation
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5.5.3

Spatial clustering
As discussed in the first hypothesis, if seasonal climate perceptions reflect personal

experience, then they should exhibit spatial patterns significantly different than what
would be expected by random chance. A visual inspection of the spatial distribution of
the survey data suggests that there may indeed be patterns apparent in the responses to
the seasonal climate perception items (Figure 5.4). There appear to be many more
respondents reporting above-normal winter precipitation in the eastern U.S. than in the
Southwest, and there are few reports of below normal temperatures for the previous
summer in the Southeast. However, it is difficult to visually detect significant patterns
among a large number of points, particularly when the patterns of interest are the result of
second-order spatial processes. In the case of detecting spatial patterns in survey data, the
first-order effect of population density will overwhelm any second-order effects that may
be apparent in the data. The point maps depict high concentrations of responses in the
eastern U.S., for example, because population density is greater there than in the sparsely
populated western Great Plains. As a result, any methods used to detect patterns or
clusters in point data that are spatially inhomogeneous, such as geocoded survey responses, should take into account first-order variations in the intensity of the process, such as
population density (O’Sullivan and Unwin 2010).
There are several methods for testing for second-order general spatial clustering
within sets of nominal point data, including spatial scan statistics and case–control Monte
Carlo random labeling (Openshaw et al. 1987; Kulldorff 1997; Waller 2009; O’Sullivan
and Unwin 2010). This study applies both random labeling tests (Waller 2009) and
spatial scan tests (Kulldorff 1997) to explore general clustering in the responses to the
seasonal climate perceptions items. This analysis used Monte Carlo random labeling tests
with 19 simulated point patterns for each of the five possible responses to the four
seasonal climate perceptions items. Results indicated statistically significant positive
spatial clustering among respondents answering “much colder than normal” (at scales >
100 km), “much more snow or rain than normal” (at scales > 25 km), and “much less
snow or rain than normal (at scales > 50 km) about the previous winter. Random labeling
tests also indicated statistically significant spatial clustering among respondents answering “much warmer than normal” (at scales > 150 km), “a little colder than normal” (at
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scales > 350 km) and “a little less rain than normal” (at scales > 50 km) about the previous summer.
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Figure 5.4: Point maps showing the spatial distribution of responses to the local seasonal climate
perception items. From top: previous winter temperature; previous winter precipitation;
previous summer temperature; previous summer precipitation.
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Figure 5.5: Results from random labeling test of the “much more snow or rain than normal”
response to the winter precipitation question, indicating significant spatial clustering. The yaxis is the ratio of the standardized K-function for points with the selected response to the
standardized K-function for all other points in the data set. The x-axis indicates spatial scale.
The black line indicates the observed data, while the dotted red line indicates the degree of
clustering expected under complete spatial randomness. The grey shaded area indicates the
upper and lower bounds of 19 simulated random patterns.

Spatial scan tests also identified statistically significant clustering for responses to
each item. The spatial scan procedure searches using multiple circular overlapping areas
with an increasing radius, up to a specified maximum, around each point location
(Kulldorff 1997). Detecting a statistically significant cluster indicates that the respondents in the cluster have a higher probability of responding the same way than respondents
elsewhere. This analysis used a maximum search radius of 1,764 km, which included
50% of all points in the dataset, testing for the alternative hypothesis that the number of
points inside each circle will be greater than expected if allocated randomly. Spatial scan
tests indicated statistically significant positive clustering of each of the variables that also
exhibited clustering in the random labeling tests (Figure 5.5). For each item, the greatest
likelihood of positive clustering was found in the “much colder than normal” response for
winter temperature (p < .05), the “much more snow or rain than normal” for winter
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precipitation (p < .05), the “a little colder than normal” response for summer temperature
(p < .05), and the “much less rain than normal” response for summer precipitation (p <
.05).
Since both random labeling tests and spatial scan statistics indicated statistically
significant positive clustering among at least one response to each item, the subsequent
step in the analysis is to locate specific clusters of responses. The spatial scan test provides an indication of the location of clusters, but may not depict the distribution of the
cluster accurately because the test uses a circular analysis window (Waller 2009). In the
case of the seasonal climate perceptions data, responses may be based on underlying
climate conditions that have irregular shapes. Creating a relative risk map for each
response is one alternative method that can be used to identify such irregular clusters.
Relative risk mapping is a commonly used method for exploratory analysis of local
clusters in spatial epidemiology. It is often used with point data representing disease case
and control locations. Rather than showing the number of each type of point alone,
relative risk maps represent the spatially varying probability of each possible response,
which takes into account the underlying population density. A relative risk map depicts
the ratio of two bivariate kernel density estimates of two sets of points, for example that
of disease cases to a control sample (Hazelton and Davies 2009). This ratio can then be
used in hypothesis tests by calculating a tolerance surface of p-values based on repeated
Monte Carlo permutations of the data (Kelsall and Diggle 1995).
In the current analysis, relative risk maps for each of the possible responses to the
seasonal climate perceptions items revealed several statistically significant spatial clusters and different patterns of responses across each of the four items (Figure 5.6). In
general, nearby respondents were more likely to answer the seasonal precipitation items
similarly than they were to answer the seasonal temperature items similarly. This can be
seen by comparing the relative risk estimates between the two sets of maps, which show
much steeper gradients in the probability of answering the precipitation items the same
way than answering the temperature items the same way. For example, a transect from
Minneapolis to Denver moves from an area where respondents had a greater than 55
percent chance of reporting that there was much more snow or rain the previous winter to
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Relative risk: summer precipitation responses
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Figure 5.6: Relative risk maps of responses to the seasonal climate perception items. Each map is a relative risk surface representing the
spatially varying probability of each possible response. Kernel densities estimated by an isotropic Nadaraja-Watson kernel smoother
with bandwidths selected by cross-validation (Kelsall and Diggle 1995; Baddeley and Turner 2005). The color band and light gray contour lines indicate the probabilities of each response (at contour intervals of .05). The light blue contour lines indicate locally
significant clusters at p < .05 (upper tailed). The dark blue contour lines indicate significant clusters at p < .01 (upper tailed). Significance contours based on Monte Carlo p-value surfaces (Kelsall and Diggle 1995; Hazelton and Davies 2009).
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an area with less than a 10 percent chance of respondents, thereby indicating that there
was much more snow or rain the previous winter. Such extreme gradients were not
present in the temperature items.
Among multiple significant spatial clusters, respondents in the northeastern states,
extending from the northern Mid-Atlantic to southern Maine, had an elevated likelihood
as compared with the rest of the country of reporting that the previous winter was much
colder than normal (p < .01). This cluster corresponds with local climate conditions
during December 2010–February 2011, which were colder than normal in the same
region. This region also had a higher probability of reporting much more rain or snow
than normal during the previous winter (p < .01), as did respondents in the Ohio Valley
(p < .05), upper Midwest (p < .05), and western Washington (p < .05). The cluster in the
upper Midwest corresponds with greater than normal precipitation in the region during
December 2010–February 2011. In contrast, as discussed above, precipitation in the
northeastern U.S. during December 2010–February 2011 was not much above normal,
but conditions shifted drastically with extended rainfall in March and April 2011, which
may have influenced assessments of total rainfall for the previous winter. A further
cluster of respondents in Colorado, New Mexico, (p < .05) and Texas (p < .01) reported
much less snow or rain than normal during the winter. Although precipitation was below
normal in the region during December 2010 through February 2011, these assessments
may have also been magnified by the droughts and wildfires in the region during March
and April 2011.
Regarding summer 2010, respondents in the eastern U.S. were significantly more
likely to report much warmer than normal conditions (p < .05), particularly in Maryland
and Delaware (p < .01), which corresponds with the region affected by that summer’s
heat wave. Likewise, respondents along the Pacific coast, who were unaffected by the
heat wave, were significantly more likely to report that the summer was a little colder
than normal (p < .01). A small but significant cluster of respondents in southeastern
Missouri and western Kentucky reported much less rain than normal during summer
2010, which coincided with local climate observations (p < .05). By contrast, respondents
in a band from New Mexico to Florida were significantly more likely than others to
report a little less rain than normal during summer 2010 (p < .05), which did not reflect
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recorded conditions for the period June through August. Finally, respondents in the
Pacific Northwest to the northern Great Plains were significantly more likely to report a
little more rain than normal (p < .05). There was no evidence that respondents in Iowa,
southern Minnesota, and Wisconsin were more likely to report much more rain than
normal, despite near record precipitation in the region during summer 2010.
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5.5.4

Local temperature and precipitation anomalies by response groups
The spatial patterns of seasonal climate perceptions seems to generally reflect con-

ditions as recorded in monthly temperature and precipitation data, with some exceptions.
A subsequent method to examine the influence of individual experience with seasonal
climate perceptions involves using the locations of respondents to obtain local climate
data based on their coordinates and exploring the relationship between local conditions
and responses to the seasonal climate perceptions items. Averaging the climate data to
which each respondent was exposed over time can give an indication of overall differences and trends among individuals who had different seasonal climate perceptions
(Figure 5.7). For example, differences in local temperature and precipitation among
respondents appear to be magnified at the end of the winter (February 2011) as opposed
to the beginning of the winter (December 2010). As would be expected if individuals
were basing their seasonal climate evaluations on their experience from the corresponding season, respondents to the winter precipitation items seemed to have little difference
between groups in the recorded amount of local precipitation until late 2010, when
differences in local precipitation become much more apparent across groups that had
different perceptions of local precipitation.
Several significant differences are evident from a detailed analysis of local temperature and precipitation among different groups of respondents to the winter temperature
and precipitation items (Table 5.4). One-way analyses of variance indicated significant
differences in seasonal local temperature anomalies among respondents to the items for
winter temperature, F(4,987)=4.04, p=.003, and summer temperature F(4,982)=17.49,
p<.000. Post-hoc tests1 of the winter temperature response groups indicated that the
average local December 2010–February 2011 temperature anomaly for individuals who
responded that the winter was much colder than normal was indeed significantly below
the anomaly of those who responded that the winter was a little warmer than normal
(mean difference: –0.51 ºC, p=.001).

1

All post-hoc tests were adjusted for multiple comparisons using the Bonferroni correction.
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Table 5.4: Mean (std. dev) temperature anomaly and percent of normal precipitation in selected periods by response to seasonal climate perception items. Data derived from
PRISM (2004). Asterisks indicate significant differences between groups based on a
one-way ANOVA (* p < .05; ** p < .01; *** p < .001).
Winter
temperature

Much colder

A little
colder

No different

A little
warmer

Much
warmer

Dec. 2010–Feb. 2011**
Apr. 2011
Summer
temperature
Jun.–Aug. 2010***
Apr. 2011***
Winter
precipitation

–1.21 (0.86)
1.01 (1.44)

–0.94 (0.86)
0.93 (1.48)

–0.91 (0.83)
1.02 (1.44)

–0.70 (0.93)
1.12 (1.45)

–0.92 (0.91)
1.76 (1.19)

0.16 (1.40)
0.43 (1.94)

0.57 (1.3)
0.13 (1.63)

1.19 (0.92)
0.99 (1.47)

1.26 (0.92)
1.19 (1.26)

1.40 (0.93)
1.46 (1.09)

Much less

A little less

No different

A little more

Much more

Dec. 2010–Feb. 2011***
Apr. 2011***

77.2 (34.1)
61.1 (67.1)

80.1 (39.5)
105.7 (76.6)

83.4 (34.9)
101.3 (67.4)

99.5 (40.2)
127.1 (74.7)

102.8 (39.7)
144.9 (69.8)

88.1 (34.0)
143.3 (105.3)

93.2 (35.3)
108.3 (73.7)

90.1 (40.9)
120.5 (69.9)

99.5 (40.7)
130.6 (72.9)

95.7 (51.4)
128.7 (61.7)

Summer
precipitation
Jun.–Aug. 2010
Apr. 2011**

Post-hoc tests of the summer temperature response groups indicated that the average June–August 2010 local temperature anomaly for those who responded that the
summer was much warmer than normal was significantly above the local temperature
anomaly of those who responded that the winter was a little colder than normal (mean
difference: 0.83 ºC, p<.000) and much colder than normal (mean difference: 1.24 ºC,
p<.000). The average June–August 2010 local temperature anomaly for those who
responded that the summer was a little warmer than normal was significantly above the
anomaly of those who responded that the summer was a little colder than normal (mean
difference: 0.67 ºC, p<.000) and much colder than normal (mean difference: 1.09 ºC,
p=.001). Finally, the temperature anomaly for those who responded that the summer was
no different than normal was significantly above the anomaly of those who responded
that the summer was a little colder than normal (mean difference: 0.62 ºC, p<.000).
Differences in April 2011 local temperature anomalies among respondents were not
significant for the winter temperature item, F(4,987)=1.78, p=.131, but were significant
for the summer temperature item, F(4,982)=18.08, p<.000.
Likewise, there were significant differences in December 2010–February 2011 precipitation relative to local normals among respondents who perceived different amounts
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of winter precipitation––differences that seem to reflect local experience. These differences were not apparent, however, in June–August 2010 precipitation among respondents
who perceived different amounts of summer precipitation. One-way analyses variance
indicated significant differences in seasonal amounts of local precipitation relative to
local normals among respondents to the items for winter precipitation, F(4,978)=15.21,
p<.000, but not for summer precipitation F(4,986)=2.19, p=.068. Post-hoc tests of the
winter precipitation response groups indicated that the average local June–August 2010
percent of normal precipitation among those who responded that the winter was much
wetter than normal was significantly above the local precipitation of those who responded
that the winter was no different than normal (mean difference: 19.4%, p<.000), a little
drier than normal (mean difference: 22.7%, p<.000), and much drier than normal (mean
difference: 25.6%, p<.000). Similarly, local precipitation among those who responded
that the winter was a little wetter than normal was significantly above the local precipitation of those responded that the winter was no different than normal (mean difference:
16.1%, p<.000), a little drier than normal (mean difference: 19.4%, p=.001), and much
drier than normal (mean difference: 22.3%, p=.002).
Differences in April 2011 local precipitation among respondents were significant
for the winter precipitation item, F(4,978)=24.24, p<.000, and the summer precipitation
item, F(4,986)=3.96, p=.003. Post-hoc tests of the winter precipitation response groups
indicated similar differences to those among December 2010–February 2011. The local
April 2011 percent of normal precipitation among those who responded that the winter
was much wetter than normal was significantly above the local precipitation of those who
responded that the winter was a little wetter than normal (mean difference: 17.9%,
p=.018), no different than normal (mean difference: 43.7%, p<.000), a little drier than
normal (mean difference: 39.3%, p<.000), and much drier than normal (mean difference:
83.9%, p<.000). Likewise, local precipitation for those who responded that the winter
was a little wetter than normal was significantly above the local precipitation for those
who responded that the winter was no different than normal (mean difference: 25.8%,
p=.001) and much drier than normal (mean difference: 66.0%, p<.000).
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5.5.5

Effects among global warming audience segments
This section presents analyses examining evidence for motivated reasoning in sea-

sonal climate perceptions, specifically addressing the role of beliefs about global
warming. The analyses make use of the six audience segments with like-minded beliefs,
threat perceptions, and policy preferences about global warming (Maibach et al. 2011).
A set of control analyses showed that respondents within each of the six segments
did not exhibit a high degree of spatial clustering, although respondents in Florida had a
significantly elevated likelihood (p < .05) of being part of the Dismissive segment.
Respondents in different audience segments were not experiencing significantly different
local temperature and precipitation anomalies in June–August 2010 or significantly
different local precipitation anomalies in December 2010–February 2011. However, there
were significant differences between audience segments in local temperature anomalies
in December 2010–February 2011, F(5,973)=3.86, p=.002. Post-hoc comparisons indicated that the Alarmed were located in areas with significantly higher temperature
anomalies than the Dismissive. The following tests control for local conditions using
two-way analysis of variance, including responses to the seasonal climate items and
audience segment as explanatory factors and testing for interactions between the two
factors.
There were significant differences in local conditions among audience segments in
their responses to only one of the seasonal climate perception items––summer temperature––as evidenced by the significant interaction between audience segment and
responses to the summer temperature item, F(20,973)=2.15, p=.003. The evidence of this
interaction indicates that respondent beliefs and concerns about global warming had an
effect on their evaluations of the previous summer’s temperature. For example, respondents in the Alarmed segment who had the highest local mean temperature anomalies in
June–August 2010 (mean: 1.36 ºC) were indeed most likely to report that the summer
was much warmer than normal. This was also the case among respondents in the Concerned segment (mean: 1.57 ºC). By contrast, respondents who had the highest local
mean temperature anomalies in the Dismissive (mean: 1.39 ºC) and Doubtful segments
(mean: 1.26 ºC) were most likely to report that the summer was no different than normal.
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The interaction between audience segment and responses to the summer precipitation item was not significant, F(20,977)=1.04, p=.408. Likewise, the interaction between
audience segment and responses to the winter temperature item was not significant,
F(20,975)=0.85, p=.655, nor was the interaction between audience segment and responses to the winter precipitation item, F(20,969)=0.66, p=.868.
A final analysis of the differences among the six audience segments was carried out
by creating an indicator variable for the relative accuracy of the seasonal climate perceptions of each respondent. It is important to emphasize that definitions of accuracy are
arbitrary, since perceptions are not always responding to the same phenomena measured
by meteorological stations. For example, as noted in Chapter 2, there is evidence that the
perception of increasing or decreasing precipitation may not be directly tied to a change
in the total accumulated precipitation as recorded by a meteorological station, but to a
change in the frequency of extremes or timing of precipitation (Roncoli et al. 2002).
Therefore, rather than try to characterize the recall accuracy of a population, this analysis
applies one definition of accuracy primarily to investigate differences between groups.
Indicator variables were created as follows: respondents who recalled that the season was a little warmer than normal or much warmer than normal were coded (1) as
agreeing with local temperature data if they were located in areas with positive threemonth temperature anomalies (June, July, August for the previous summer and December, January, February for the previous winter). Similarly, those who recalled that the
season was a little colder than normal or much colder than normal were coded (1) as
agreeing with local temperature data if they were located in areas with negative threemonth temperature anomalies. Respondents who recalled that seasonal temperature was
no different than normal were excluded in this coding scheme. The current coding
scheme assigns respondents to agreement or disagreement groups based on whether the
direction of their perception of seasonal climate conditions agrees with local climate data.
Respondents who recalled that conditions were no different than normal were excluded in
this coding scheme to avoid the need to arbitrarily assign ranges of local climate conditions that would be considered no different than normal. However, future analyses should
examine in more detail the ways in which people perceive local normal conditions.
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For seasonal precipitation, respondents who recalled that the season had a little
more or much more precipitation than normal were coded (1) as agreeing with local
precipitation data if there were located in areas with three-month precipitation amounts of
greater than 100 percent of normal. Respondents who recalled that the season had a little
less or much less precipitation than normal were coded (1) as agreeing with local precipitation data if they were located in areas with three-month precipitation amounts of less
than 100 percent of normal. Again, respondents who recalled that seasonal precipitation
was no different than normal were excluded.
Under this coding scheme, the majority of respondents’ assessments of temperature
the previous winter, temperature the previous summer, and precipitation the previous
summer agreed with local measurements for the corresponding season, with the greatest
proportion of respondents accurately recalling the previous winter’s temperature (Table
5.5). However, only a minority of respondents’ assessments of precipitation the previous
winter corresponded with local December 2010–February 2011 precipitation relative to
local norms.
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Table 5.5: Disagreement (0) and agreement (1) between seasonal climate perceptions and
local climate conditions. Responses coded as agreeing with local conditions if response was in the same direction as local departure from normal. Excludes
respondents who answered that the season was no different than normal. 	
  
Six Americas segment
Alarmed Concerned Cautious Disengaged Doubtful Dismissive 	
   Total
Winter
temperature

Summer
temperature*

Winter
precipitation

Summer
precipitation

0
1
0
1
0
1
0
1

n

36

% 35.6%
n

65

% 64.4%
n

24

% 25.0%
n

72

% 75.0%
n

52

% 48.6%
n

55

% 51.4%
n

36

% 44.4%
n

45

% 55.6%

45

41

18

24

16

180

22.3%

25.3%

30.0%

19.7%

23.2%

25.1%

157

121

42

98

53

536

77.7%

74.7%

70.0%

80.3%

76.8%

74.9%

26

27

11

19

18

125

16.5%

19.7%

22.0%

27.5%

41.9%

22.6%

132

110

39

50

25

428

83.5%

80.3%

78.0%

72.5%

58.1%

77.4%

119

89

41

60

33

394

56.9%

51.4%

63.1%

50.0%

45.2%

52.7%

90

84

24

60

40

353

43.1%

48.6%

36.9%

50.0%

54.8%

47.3%

53

59

14

27

17

206

38.7%

50.9%

43.8%

33.3%

37.0%

41.8%

84

57

18

54

29

287

61.3%

49.1%

56.2%

66.7%

63.0%

58.2%

Several significant differences also emerge between global warming audience segments in the agreement between recollections of seasonal weather variations and local
climate data. Overall, there were significant differences among segments in the accuracy
of recalling local temperatures the previous summer, χ2(5, N=553)=14.47, p=.013. The
majority of respondents in all segments—excluding those who recalled that summer
temperatures were no different than normal—accurately recalled local summer temperatures. However, the proportion of respondents accurately categorizing summer
temperatures was not significantly different among the Alarmed, the Concerned, the
Cautious, the Disengaged, or the Doubtful, but these five segments had significantly
greater proportions of accurate responses, averaging 73.4 percent, than those in the
Dismissive segment, who averaged only 58.1 percent accuracy (z-test, p < .05). There
were no significant overall differences between audience segments in the accuracy of
recollections of: summer precipitation, χ2(5, N=493)=7.58, p=.181; winter temperature,
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χ2(5, N=716)=9.63, p=.084; or winter precipitation, χ2(5, N=747)=7.14, p=.210. Results
suggest partial support for the hypothesis that global warming beliefs can influence
recollections of seasonal climate through processes resembling motivated reasoning.
Those who disbelieved in the existence and threat of global warming, the Dismissive,
were significantly less likely than others to recall conditions the previous summer that
agreed with local climate data.

5.6 Discussion
This study addressed four main hypotheses: 1) that there would be significant spatial patterns in local climate perceptions; 2) that spatial patterns of perceptions would
coincide with patterns found in climate data; 3) that more recent climate conditions
would influence perceptions of past conditions; and 4) that beliefs about global warming
would influence local climate perceptions, with a greater effect on perceptions of local
temperature than on perceptions of local precipitation. The above analyses provide initial
support for each hypothesis. Spatial analysis of responses indicated that the patterns of
seasonal climate perceptions were very likely to be non-random, with nearby respondents
significantly more likely to have similar perceptions of local temperature and precipitation than respondents farther away from each other. For example, respondents who
reported that there was much more snow or rain than normal during the previous winter
were significantly more likely to be in the nearby vicinity of other respondents who
responded the same way than to respondents who responded differently. Such spatial
clusters were more apparent among the precipitation items than among the temperature
items. This difference may be explained by two processes: precipitation relative to
historical norms can vary substantially more over short distances than can temperature
anomalies, and perceptions of temperature may be subject to greater bias by uninformative factors such as beliefs about global warming, as suggested by this study.
Analysis of local clusters found broad agreement between the patterns of seasonal
climate perceptions and patterns of local climatic extremes. For instance, the extreme
heat wave of summer 2010 in the eastern U.S. was visible in a map of the probability that
respondents would report that the summer was much warmer than normal, and the
extreme droughts of winter 2010-2011 in the Southwest were visible in a local cluster of
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respondents who reported that the winter was much drier than normal. Furthermore,
climate conditions were significantly different among groups who responded differently
to questions about the previous winter’s temperature and precipitation and the previous
summer’s temperature. However, groups who responded differently to the question about
the previous summer’s precipitation did not experience significantly different amounts of
precipitation relative to normal, suggesting that there may be a decay in the recollection
of local conditions over time due to recency effects. This suggestion is supported by
results showing that local precipitation relative to normal in April 2011—easily accessible cognitively because it occurred immediately before and during the survey—was a
significant predictor of responses about the previous summer’s precipitation.
Finally, there was some evidence that beliefs, threat perceptions, and policy preferences about global warming had an effect on seasonal climate perceptions. Across six
segments of respondents with contrasting views about global warming, there were
significant differences between the segments in how they recalled the previous summer’s
temperature, but not in how they recalled the previous summer’s precipitation or the
previous winter’s precipitation and temperature. For example, regardless of local conditions, those who believed in the existence and threat of global warming (the Alarmed and
the Concerned) were significantly more likely to recall the previous summer as being
warmer than normal than those who believed that global warming is not happening or is
not a threat (the Dismissive and the Doubtful). These results support the hypothesis that a
process resembling motivated reasoning can bias recollections of seasonal climate. If
global warming beliefs do influence seasonal climate perceptions, they would be more
likely to influence climate indicators that are easily associated with global warming, such
as local temperature, than more complex indicators such as local precipitation. The
results also suggest that the influence of motivated reasoning may be dynamic over time,
with less of an effect on memories of more recent events, such as the conditions during
the winter that recently ended, than on memories of more distant events, such as the
conditions of the preceding summer.
Although the spatial patterns of perceptions mostly coincided with what would be
expected based on the local climate at the time, there were several notable instances
where people mischaracterized aspects of temperature and precipitation. For example,
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although the summer of 2010 was the hottest on record in much of the Southeast and
Mid-Atlantic, respondents in those regions only had about a 20 percent chance of recalling the summer as being much warmer than normal, even though they were
significantly more likely to do so than respondents in other parts of the country.
This study presents a novel methodology for analyzing public opinion survey data.
When attempted, spatial analysis of survey data is generally carried out at aggregated
scales such as states or counties, which can mask underlying patterns of interest due to
the modifiable areal unit problem (whereby arbitrary boundaries influence the outcome of
statistical analyses). Spatial point-pattern analysis is frequently used in fields such as
geographical epidemiology, but this study is one of the first applications of these techniques to a study of public perceptions. Because the items of interest—seasonal climate
perceptions—relate directly to an underlying spatial phenomenon and do not correspond
with administrative boundaries, it is advantageous to be able to precisely map and analyze respondent locations for any underlying spatial patterns. These methods could be
useful for a wide range of applications using survey data. For example, they could allow
a detailed analysis of the role of nearby natural hazards with risk perceptions and hazard
preparedness measures. It should also be noted that the spatial statistical methods used in
this study are sensitive to the number and density of cases in the analysis. In places with
relatively low population density, there may have been too few respondents included in
the sample to detect any significant patterns of responses. Thus, because the sample was
representative of the U.S. population, which is predominantly urban, there was lower
statistical power in sparsely populated rural areas that make up less of the overall sample.
Because of these differences in sampling density, clusters may have been present and
undetected in less-dense regions.

5.7 Conclusions
This study was motivated by the question of how beliefs and behaviors in response
to global warming may change as more of the population comes to experience changes in
their local climate. To address this question, this chapter compared recollections and
judgments about two seasons in the U.S. that had opposite extremes in temperature and
differences in precipitation across much of the country. Although there is evidence that
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populations with livelihoods directly reliant on local weather are able to perceive and
adapt to local climate variability and change, this study was one of the first to investigate
whether the population of a large industrialized country such as the U.S. is able to detect
changes in their local climate through personal experience. This study addressed one
facet of local climate perceptions in the U.S. by examining individual’s assessments of
seasonal climate in their local area. Findings indicate that local climate perceptions
exhibit significant non-random spatial patterns that appear to derive from local climate
experience. People by and large are capable of characterizing if the recent seasons they
have experienced have been above or below normal in terms of temperature and precipitation, with several important caveats that may result from cognitive biases. As seasons
recede into the past and become harder to remember, the recollection of whether they
were warmer or colder than normal becomes more reliant on preexisting beliefs about
global warming, with those who strongly believe in the existence and threat of global
warming more likely to believe they have experienced warmer temperatures than those
who doubt the existence and threat of global warming. As suggested by recent research,
local climate perceptions are likely to be both intuitively influenced by immediate
experience (Hamilton and Keim 2009; Joireman et al. 2010; Risen and Critcher 2011; Li
et al. 2011), as well as actively based on personal observations (Borick and Rabe 2010;
Leiserowitz et al. 2011). Current weather conditions are a readily available source of
information that, while marginally informative about trends, also have the potential to
bias perceptions about long-term change. Nevertheless, global warming is undoubtedly
increasing the likelihood of extreme heat events (Stott et al. 2004; Meehl et al. 2009;
Rahmstorf and Coumou 2011; Peterson et al. 2012), and the ways in which these events
are perceived may be influential in shaping behavioral responses to mitigate and adapt to
global warming.
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6. IMMEDIATE EXPERIENCE AND CLIMATE CHANGE BELIEFS
IN EUROPE
6.1 Introduction
What explains differences in belief and concern about global warming? A growing
body of research has found that global warming beliefs can be dynamic over time and
space, and one explanation is that environmental influences—such as local weather—can
cause short-term shifts in beliefs. However, existing research on this explanation has been
limited to samples in the United States and may not be generalizable to other populations.
Responding to this gap in knowledge, this chapter examines a large sample of survey data
in the European Union, providing new evidence that short-term differences in local
temperatures may be one explanation for geographic variation in beliefs about global
warming.
Most of the global population was aware of global warming as of 2008, but only 41
percent of the population perceived it to be a personal threat (Pugliese and Ray 2009).
The distribution of belief and concern about global warming also varies between countries: while the populations of industrialized countries are almost universally aware of the
issue, the extent to which it is perceived as a problem and a personal threat is considerably more variable. Explanations for this gap between knowledge and risk perception
include the fact that climate change has become a contested and politicized issue in many
industrialized countries (Leiserowitz 2007), where public debates continue to revolve
around the existence of global warming and its attribution to anthropogenic causes
despite agreement by the worldwide scientific community that global surface temperatures are rising due to human activities (McCright and Dunlap 2011). Another possible
contributor to this gap is that climate change is still viewed as a psychologically distant
risk for much of the population, rather than an immediate and personal risk (Spence et al.
2012). Moreover, the experience of recent weather events that are inconsistent with
expectations of global warming, such as unseasonable or extreme snowfalls, may also
lead to disbelief in the existence of global warming (Leiserowitz et al. 2011). There has
thus been increasing attention to the instability of public opinion about global warming
over time (Brulle et al. 2012), with suggestions that environmental influences such as
extreme weather events can cause rapid shifts in beliefs.
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One of the proposed mechanisms for the influence of local weather and beliefs
about climate change is the process of attribute substitution. Attribute substitution is a
cognitive heuristic that leads people to replace an easily accessible judgment for a less
accessible and more complex judgment (Kahneman and Frederick 2002). Climate change
is a broad and complex issue that is largely removed from most people’s daily lives. If
people are asked to make evaluations of complex problems like climate change, then
attribute substitution may lead them to use easily accessible information such as recent
weather to guide their judgment. A recent study in the U.S. supported this hypothesis,
showing that public opinion about climate change can be influenced by local daily
weather that is otherwise not informative about global climate (Li et al. 2011).
To further investigate whether processes resembling attribute substitution influence
global warming beliefs, this chapter examines the role of immediate experience with
local temperatures as a factor in beliefs about climate change. While the previous chapter
examined how individual perceptions of local climate conditions may be influenced by
beliefs about climate change, this chapter proposes an additional causal framework: that
beliefs about climate change may be influenced by experience with local climate conditions. To address these questions, this analysis examines public perceptions of climate
change in the European Union using georeferenced representative national survey data
from 27 countries collected in June–July 2009 (EES 2011). Among other political issues,
items in the survey addressed climate change beliefs and support for mitigation policies.
More specifically, the analyses in this chapter focus on climate change beliefs in the form
of retrospective evaluations of whether climate change has become more or less of a
problem at the national level.
Recent research of the U.S. public has suggested that immediate experience with
local weather conditions does have a significant effect on individual beliefs about the
evidence for global warming (Egan and Mullin 2012). In that study, the researchers used
three years of national public opinion poll data—georeferenced at the ZIP code level—to
show that the preceding seven-day mean temperature departure from normal had a
positive relationship with the probability that respondents would believe that there was
solid evidence for global warming. The size of the effect was equivalent to a roughly one
percent increase in the probability of believing there was solid evidence for global
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warming for every 1.7 ºC increase in the past week’s local temperature, an effect that was
comparable to that of gender and age. Other research has also shown global warming
beliefs are influenced by perceptions about local temperature change (Krosnick et al.
2006), daily temperature on the date of the survey (Li et al. 2011), and current outdoor
and indoor air temperature (Joireman et al. 2010; Risen and Critcher 2011). Studies that
have examined the role of individual experience in climate change beliefs have so far
been conducted almost exclusively in the U.S., where climate change has become a
politically polarized issue to a greater extent that in many other countries (McCright and
Dunlap 2011). This study builds on previous research by examining the role of immediate
weather experience in climate change beliefs among a much larger sample in the European Union, a region in which the population has relatively high levels of knowledge and
concern about climate change (Pugliese and Ray 2009). Evidence for a similar effect of
local temperature on climate change beliefs in Europe would suggest that the phenomenon is persistent in the face of increased knowledge and concern about climate change at
the national level and generalizable to a larger proportion of the global population.
Based on the evidence of previous research is the U.S., the initial hypothesis (H1)
of this study is that spatial patterns of beliefs about climate change will exhibit significantly nonrandom spatial patterns within and between countries that are consistent with
positive spatial clustering (Table 6.1). The second hypothesis (H2) is that clusters of
climate change beliefs will correspond with local climate conditions, specifically local
temperature anomalies. Finally, the third hypothesis addressed in this study (H3) is that
climate change beliefs will be related to whether recent local temperatures have been
above or below normal, with the expectation of a positive relationship between local
temperature anomalies and the probability of believing that climate change has become
more of a problem.
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Table 6.1: Hypotheses
Null hypothesis
Negative or lack of global spatial
autocorrelation of climate change beliefs

Alternative hypothesis
Positive global spatial autocorrelation of
climate change beliefs

H2

Negative or lack of local spatial
autocorrelation of climate change beliefs

Positive local spatial autocorrelation of
climate change beliefs coincident with local
monthly temperature anomalies

H3

No relationship between local monthly
temperature anomaly and belief that
climate change has become more of a
problem

Positive relationship between local monthly
temperature anomaly and belief that climate
change has become more of a problem

H1

6.2 Methods
Individual-level survey data were obtained from the 2009 European Parliament
Election Survey (EES) Advance Release (EES 2011). The survey was conducted with
representative samples of the 18 and older population of all 27 European Union member
states, representing a population of approximately 500 million. The survey was primarily
focused on political attitudes related to the 2009 European Parliament elections. Approximately 1,000 respondents completed the survey in each country, and 25,175 total
respondents gave valid answers to the main survey item examined in this study. The
survey was fielded between June 5 and July 9, 2009. Most interviews took place during
June, with 97.8 percent of interviews completed by June 30, 2009. Most interviews were
conducted by land-line phone (66.3 percent), with the remainder conducted by mobile
phone (10.3 percent) or face-to-face (23.5 percent). The majority of interviews were
conducted in person in countries with lower rates of telephone access, including Bulgaria,
Czech Republic, Estonia, Hungary, Latvia, Lithuania, Poland, Romania, and Slovakia.
The questionnaire was translated into the local language(s) of each country .
The primary survey item examined in this study addresses retrospective beliefs
about climate change as a national problem over the most recent 12-month period. It
corresponds with several other items on the survey addressing retrospective beliefs about
other national issues including the economy, health care, immigration, and interest rates.
The climate change beliefs item was worded as follows: “Finally, over the last 12
months, has climate change in [country] become a lot more of a problem, a little more of

161

a problem, has been about the same, has become a little less of a problem, or a lot less of
a problem?” (EES 2011).
Survey responses were georeferenced at both the national and subnational level
across 27 countries and 220 subnational administrative regions. Subnational administrative areas referenced in the survey corresponded with the Nomenclature of Territorial
Units for Statistics (NUTS) classification at either the first, second, or third level, depending on the country (Eurostat 2010). Second-level regions were most commonly used in
the dataset. Data preparation for this study involved obtaining GIS shapefiles1 representing the boundaries of the appropriate subnational areas within each respective country
and coding the boundary files for integration with the EES survey data (Eurostat 2010).
The mean area of the subnational regions was 19,558 km2 (std dev: 28,476 km2), with the
smallest region being 162 km2 and the largest region being 21,5073 km2.
This study used spatial climate data derived from the CRU TS 3.1 dataset, a highresolution gridded global historical climate dataset interpolated from station records
(Mitchell and Jones 2005). The resolution of the dataset was 0.5º by 0.5º (approximately
47 km between grid points), with the average subnational area covered by approximately
nine grid cells. Mean monthly temperature anomalies were calculated as the difference in
the monthly mean of daily mean temperature in each grid cell from the 1961-1990 mean.
As described in Chapter 3, population-weighted values were modeled within each subnational area. Since population distribution is not spatially uniform within countries or
administrative boundaries, this analysis used data from Landscan (Dobson et al. 2000), a
global gridded population dataset, to estimate the monthly mean temperature anomalies
experienced by a representative sample of the population within the subnational areas
referenced in the survey dataset. Temperature anomalies were extracted from climate
grids using a spatial point model of population density created from the global population
grid using Monte Carlo simulation. Extracted climate values were averaged across all
population points within each subnational area to obtain population-weighted values that
approximate a representative sample of the population within each area.
Several sets of methods will be used to examine the influence of local climate on
climate change beliefs. First, responses will be aggregated at the subnational level and
1

The boundary shapefiles were available from Eurostat (2010) at 1:3,000,000 scale.
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tested for global spatial autocorrelation, with positive autocorrelation providing initial
support for the hypothesis that beliefs about climate change are related to external factors.
Next, subnational-level responses will be tested for local spatial autocorrelation, with the
expectation that local clusters will correspond with extremes in recent local temperature,
lending support to the second hypothesis. Following the cluster analysis, the average
monthly local temperature anomalies among groups who responded differently to the
climate change beliefs item will be tested for differences, with higher local temperature
anomalies among groups who believe climate change has become more of a problem
supporting the third hypothesis that climate change beliefs differ predictably among
groups exposed to different local temperature anomalies. Finally, a set of multilevel
binary logistic regression models will be used to infer the effect of local temperature
anomalies on climate change beliefs, controlling for individual-level demographic and
ideological differences. A significant effect of local temperature anomalies on climate
change beliefs when controlling for other factors will provide further support for the third
hypothesis.

6.3 Results
6.3.1

Climate context
The national surveys that form the dataset used in this study were conducted pri-

marily in June 2009, a month during which Europeans were experiencing a range of
below-normal and above-normal temperatures, depending on their location. Although the
month was the second-warmest June on record globally (NCDC 2009), north-central
Europe averaged below-normal temperatures during the month (Figure 6.1). The region
experienced a cold snap beginning in the first week of June that lasted for over two
weeks, consistent with an intermittent early summer phenomenon known as schafskälte
or “sheep’s chill” in Germany (The Local 2009). The period brought record daily minimum temperatures to cities such as Amsterdam (June 6, 5 ºC), Berlin (June 6, 5 ºC),
Copenhagen (June 5, 5 ºC), Helsinki (June 7, 1 ºC), Stockholm (June 6, 2 ºC), Talinn
(June 7, 0 ºC) and Warsaw (June 6, 4 ºC) (WU 2012). The remainder of Europe was
warmer than normal, on average, during June 2009. Southeastern and southwestern
Europe experienced a heat wave in early- and mid-June, bringing record daily maximum
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temperatures to Athens (June 7, 34 ºC), Bucharest (June 7, 34 ºC), Sofia (June 7, 34 ºC)
and Madrid (June 13, 38.9 ºC) (WU 2012).
This range of climatic conditions to which different survey respondents were exposed provides a useful natural experiment in which to test the effects of immediate
experience on climate change beliefs. Across the total population sampled in the survey,
in June 2009 respondents were experiencing a monthly mean temperature anomaly of 0.5
ºC (standard deviation: 1.0), with a minimum of –1.3 ºC and a maximum of 2.9 ºC (Table
6.2). Mean temperature anomalies were highest for the populations of Spain, Cyprus,
Portugal, Romania, and Bulgaria, while the populations of Finland, Sweden, Estonia,
Latvia, and Lithuania were experiencing the lowest mean temperature anomalies. The
countries with the greatest variation in mean temperature anomalies included Germany,
Ireland, Spain, Denmark, and Italy.

Figure 6.1: June 2009 monthly mean temperature anomaly (departure from 1961-1990 average).
Data derived from CRU TS 3.1 (Mitchell and Jones 2005).
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Table 6.2: Population-weighted mean temperature anomaly (ºC) in June 2009
(departure from 1961-1990 average), with associated standard deviation
and minimum and maximum anomalies. Data derived from CRU TS 3.1 for
country subregions. Countries sorted from highest to lowest mean temperature anomaly.
Spain
Cyprus
Portugal
France
Romania
Bulgaria
Italy
United Kingdom
Greece
Luxembourg
Belgium
Malta
Ireland
Slovenia
Netherlands
Austria
Hungary
Slovakia
Germany
Czech Republic
Denmark
Latvia
Lithuania
Poland
Estonia
Finland
Sweden
Total

6.3.2

Mean
2.2
1.8
1.7
1.6
1.5
1.3
1.2
1.1
1
0.9
0.8
0.8
0.7
0.7
0.5
0.2
0.2
0.1
-0.3
-0.5
-0.5
-0.7
-0.7
-0.8
-0.9
-0.9
-0.9
0.5

Std. Dev.
0.5
0.1
0.2
0.4
0.3
0.2
0.4
0.2
0.2
0
0.1
0
0.6
0.1
0.2
0.2
0.2
0.1
0.6
0.3
0.5
0.4
0.3
0.3
0.1
0.2
0.2
1.0

Minimum
0.7
1.7
0.3
1.1
0.9
1
0.8
0.7
0.8
0.9
0.5
0.8
-0.1
0.5
0
-0.1
0
0
-1.3
-0.8
-1.3
-1.1
-1
-1.1
-1
-1
-1.3
-1.3

Maximum
2.9
2
2
2.4
1.8
1.7
1.9
1.4
1.5
0.9
1
0.8
1.7
0.9
0.9
0.6
0.4
0.2
1
-0.1
0.3
0.1
0.1
-0.1
-0.7
-0.4
-0.3
2.9

Descriptive survey results
Across the sample of 27 countries, about half (49.0 percent) of all respondents be-

lieved that climate change had not become more or less of a problem at the national level
in the last 12 months, with most of the remainder (41.3 percent) believing that climate
change had become more of a problem (Table 6.3). However, the distribution of responses varied significantly between countries, χ2(104, N=25175)=3288.6, p<.001. For
example, 19.4 percent of respondents in Germany believed that climate change had
become less of a problem, as opposed to 4.4 percent of respondents in Slovenia. Multiple
factors may account for differences in beliefs about climate change at the national level,
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such as differing levels and content of media coverage by national news sources, the
association of climate change with particular ideological views, or varying government
support for mitigation policies. Differences in local climate conditions may also have an
influence, but the effect may be difficult to detect at the country level amidst other
national differences. This analysis therefore examines climate data at the sub-national
scale to control for overall differences between countries.
Table 6.3: Retrospective beliefs about climate change among EU countries. Countries
sorted from highest to lowest proportion responding that climate change has become a lot more of a problem.
A lot less of
a problem

A little less
of a problem

Stayed
the same

A little more
of a problem

A lot more
of a problem Total (n)

Romania

3.0%

6.4%

24.3%

20.4%

45.9%

910

Slovenia

1.0%

3.4%

33.8%

29.9%

31.9%

981

Hungary

1.6%

3.8%

28.1%

40.7%

26.0%

959

Bulgaria

1.9%

3.8%

42.7%

28.5%

23.0%

838

Italy

0.6%

5.2%

44.6%

26.7%

22.9%

901

Greece

0.6%

7.1%

36.6%

32.9%

22.7%

972

Poland

3.2%

12.5%

40.1%

23.1%

21.1%

887

Cyprus

0.9%

12.1%

31.8%

35.0%

20.2%

934

Malta

1.9%

10.7%

31.4%

36.0%

20.0%

896

France

1.9%

5.3%

39.4%

33.6%

19.9%

950

Ireland

4.2%

7.7%

50.7%

21.8%

15.6%

981

United Kingdom

2.6%

5.6%

54.6%

22.6%

14.7%

975

Spain

1.1%

8.7%

49.3%

27.3%

13.6%

965

Belgium

2.5%

10.0%

48.3%

26.0%

13.2%

911

Slovakia

1.6%

6.3%

49.3%

31.2%

11.6%

888

Latvia

4.0%

5.9%

59.6%

20.8%

9.8%

881

Portugal

0.2%

4.9%

52.7%

33.9%

8.2%

855

Czech Republic

1.6%

8.2%

57.9%

24.6%

7.6%

925

Netherlands

1.4%

10.1%

57.8%

23.2%

7.6%

992

Estonia

1.4%

5.8%

67.0%

19.2%

6.5%

855

Finland

1.6%

6.6%

58.8%

27.6%

5.4%

983

Denmark

0.6%

6.3%

55.3%

32.5%

5.3%

983

Lithuania

2.5%

5.7%

67.4%

19.3%

5.1%

865

Luxembourg

1.8%

13.7%

55.7%

23.6%

5.1%

976

Sweden

1.4%

8.3%

68.4%

17.4%

4.4%

976

Austria

1.8%

11.3%

60.0%

22.7%

4.3%

962

Germany

1.3%

18.1%

55.9%

20.7%

4.0%

974

Total

1.8%

8.0%

49.0%

26.7%

14.6%

25175
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6.3.3

Spatial distribution at the subnational scale
In addition to being unevenly distributed at the national scale, retrospective percep-

tions of climate change appeared to be clustered together in regions that crossed national
borders. For example, there appeared to be high proportions of respondents with the
belief that climate change had become a lot more of a problem in the regions surveyed in
southeastern Europe, and low proportions of the same response in central Europe and the
Nordic countries (Figure 6.2). Global spatial autocorrelation statistics indicated that the
spatial distributions of responses to the climate change beliefs item were significantly
nonrandom for each response. Global spatial autocorrelation was tested by calculating
univariate Moran’s I statistics for the proportion of each response within each subnational
area.1 Moran’s I statistics were significantly positive (p<.05) using two sets of spatial
weights: queen contiguity2 and a 750 km distance band from the centroid of each region,
which was the minimum distance needed to avoid isolating more than one percent of the
regions. The “a lot more of a problem” response had the greatest positive global spatial
autocorrelation (I=0.67, p<.001),3 followed by the “stayed the same” response (I=0.61,
p<.001), the “a little less of a problem” response (I=0.47, p<.001), the “a little more of a
problem” response, (I=0.45, p<.001), and the “a lot less of a problem” response (I=0.15,
p<.01).
Univariate local indicators of spatial association (LISA) were used to explore local
clusters of responses (Anselin 1995). As suggested by the map of responses at the subnational level, there was a statistically significant positive cluster of respondents indicating
that climate change had become a lot more of a problem in southeastern Europe, including all subnational areas in Bulgaria, Cyprus, Greece, Hungary, Romania, and Slovenia,
as well as parts of Italy and Poland (Figure 6.3). Corresponding significant negative
clusters were located in north-central and northeastern Europe, including regions in
Belgium, Denmark, Estonia, Finland, Ireland, Latvia, Lithuania, Northern Germany, and
the United Kingdom. This pattern of responses approximately aligns with the pattern of
local monthly mean temperature anomalies during the survey.
1

All spatial autocorrelation statistics were computed in OpenGeoDa (Anselin et al. 2006).
Queen contiguity includes neighboring areas that share a border or a vertex (O’Sullivan and Unwin 2010).
3
Reported Moran’s I values are based on queen contiguity spatial weights. P-values derived from 999
Monte Carlo permutations.
2
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Figure 6.2: Proportion of respondents within subnational areas with belief that climate change has
become a lot more of a problem.

Figure 6.3: Local spatial autocorrelation of proportion of respondents with belief that climate change
has become a lot more of a problem. Results based on univariate Local Moran’s I statistic
(Anselin 1995). Mapped clusters are significant at p<.05.
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In addition, the distribution of respondents who believed that climate change had
become a little less of a problem was roughly opposite from that of those who believed
that climate change had become a lot more of a problem (Figure 6.4). Significant local
clusters are evident in the same regions, with an opposite sign, among respondents who
believed that climate change had become a little less of a problem, including positive
clusters in north-central Europe and negative clusters in southeastern Europe (Figure
6.5).
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Figure 6.4: Proportion of respondents within subnational areas with belief that climate change has
become a little less of a problem.

Figure 6.5: Local spatial autocorrelation of proportion of respondents with belief that climate change
has become a little less of a problem. Results based on univariate Local Moran’s I statistic
(Anselin 1995). Mapped clusters are significant at p<.05.
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6.3.4

Local temperature anomalies among response groups
Averaging the local temperature anomalies across groups of respondents who had

different retrospective beliefs about climate change revealed distinct differences among
groups. Individuals who believed climate change had become more of a problem were
indeed experiencing higher local temperature anomalies (Figure 6.6). One-way analyses
variance indicated statistically significant differences in June 2009 local mean temperature anomalies among respondents who had different evaluations of climate change,
F(4,26722)=171.39, p<.001. Post-hoc tests1 indicated that the local mean temperature
anomaly for respondents who believed that climate change had become a lot more of a
problem was significantly above the local mean temperature anomaly for respondents
who believed that climate change had become a little more of a problem (mean difference: 0.24 ºC, p<.001), had stayed the same (mean difference: 0.45 ºC, p<.001), had
become a little less of a problem (mean difference: 0.37 ºC, p<.001), and had become a

Monthly mean temperature anomaly (ºC)

lot less of a problem (mean difference: 0.42 ºC, p<.001).

1.0

.8

.6

.4

.2

.0
A lot less of A little less Stayed the A little more A lot more of
a problem of a problem
same
of a problem a problem

Climate change retrospective belief
Error bars: +/- 2 SE

Figure 6.6: Mean temperature anomaly in June 2006 among climate change belief groups. Data
derived from CRU TS 3.1 for country subregions and weighted by population. Error bars
indicate +/– 2 standard errors.

1

All post-hoc tests were adjusted for multiple comparisons using the Bonferroni correction.
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6.3.5

Multilevel modeling of climate change beliefs
The final set of analyses used a set of binary logistic multilevel regression models

(e.g. Gelman and Hill 2007) that examine influences on the probability of responding that
climate change had become a lot more of a problem. This response was chosen because it
exhibited the highest degree of spatial clustering. In addition, respondents who believed
that climate change had become a lot more of a problem showed the greatest differences
in local temperature anomalies relative to other respondents, suggesting that local temperatures might have the clearest causal influence among respondents choosing that
particular response. Individual responses (level 1) were modeled hierarchically within
countries (level 3) and subnational areas (level 2), with monthly mean temperature
included as an explanatory level 2 variable. Four models with statistically significant
increases in overall fit were used to predict responses that climate change had become a
lot more of a problem (Table 6.4). The initial null models used only country-level
predictors (Model 0) and both country-level and subnational-level predictors (Model 1).
Adding subnational areas significantly improved the overall fit of the model (χ2=23,
p<.001). The next model (Model 2) added a set of individual-level independent variables,
including gender, age, years of education, and political ideology, which also significantly
improved overall model fit (χ2=71, p<.001). Of these individual-level variables, gender,
age, and self-identification with the political left were significant positive predictors of
the belief that climate change has become “a lot more of a problem.” The final model
(Model 3) added monthly mean temperature anomalies at the subnational level, which
also significantly improved overall model fit (χ2=5, p=.03). The addition of the monthly
mean temperature anomaly variable substantially decreased the overall variance in
responses at the national level and the subnational level, indicating that local temperature
anomalies can help to explain differences in the dependent variable both between and
within countries.
The coefficients of the full model indicate that, holding all other variables constant,
a difference in the local monthly mean temperature anomaly of 1 ºC increased the probability of believing that climate change had become a lot more of a problem by 2.0
percent. Moving from the 5th percentile (–1.0 ºC) to the 95th percentile (1.9 ºC) of local
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temperature anomalies increased the probability of believing climate change has become
a lot more of a problem by 5.4 percent. This effect is similar to that of political ideology,
with left-leaning identification increasing the probability of believing climate change has
become a lot more of a problem by 1.9 percent. The effect is also comparable to that of
gender, with women being 2.5 percent more likely than men to believe that climate
change has become “a lot more of a problem.”
Table 6.4: Influence of individual and regional-level variables on belief that climate change has
become “a lot more of a problem”
Model 0
Model 1
Intercept
1.99 (.15)*** 2.00 (.16)***
Demographics (level 1)
Gender (female)
Age (x 10 years)
Education (x 10 years)
Political ideology: lefta
Political ideology: righta
Area-level variables (level 2)
Monthly mean temperature anomaly (ºC)
Model characteristics
n (level 3: countries)
27
27
n (level 2: subnational areas)
220
n (level 1: respondents)
24889
24889
Level 3 variance
0.641
0.643
Level 2 variance
0.041
Level 3 intra-class correlationb
23.00%
23.06%
Level 2 intra-class correlationb
1.87%
Proportional change in level 3 variancec
0.3%
Proportional change in level 2 varianced
AIC
18882
18861
Unstandardized regression coefficients.
*p < 0.1, **p < 0.05, ***p < 0.01, Standard errors in parenthesis.
a
Reference category: center
b
ICC calculated using latent variable method
c
Change in level 3 variance from Model 0
d
Change in level 2 variance from Model 1

Model 2
–2.31 (.17)***

Model 3
–2.38 (.16)***

0.25 (.04)***
0.03 (.01)**
–0.01 (.01)
0.16 (.05)***
–0.04 (.05)

0.25 (.04)***
0.03 (.01)
–0.01 (.01)
0.16 (.05)***
–0.04 (.05)
0.17 (.07)*

27
220
24889
0.640
0.042
22.98%
1.90%
–0.1%
1.3%
18800

27
220
24889
0.522
0.040
19.57%
1.85%
–18.5%
–1.4%
18797

6.4 Discussion
This study focused on the hypothesis that beliefs about climate change would be influenced by immediate experience with local temperatures. Using a robust methodology
and a large set of survey respondents who were exposed to a range of local temperatures,
the results suggest that one set of climate change beliefs—the belief that climate change
has become more or less of a problem—are indeed influenced by deviations from normal
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in local temperatures. The results showed statistically significant spatial clusters in
climate change beliefs beyond those that would be expected to occur within countries.
The non-random patterns of beliefs about climate change exhibited in this survey strongly
suggest influences from other spatial processes, of which local climate and weather are
likely candidates. Nearby respondents would be expected to share similar experiences
with respect to local weather conditions, leading to those experiences having similar
effects on beliefs about climate change. Local temperatures varied across Europe during
the period during which the survey data were collected, and respondents in regions that
were colder than normal, such as north-central Europe, tended to be less likely to believe
that climate change had become more of a problem and more likely to believe that
climate change had become less of a problem. Similarly, respondents in regions that were
warmer than normal, such as southeastern Europe, were generally more likely to believe
that climate change had become more of a problem and less likely to believe that climate
change had become less of a problem.
As would be expected if individuals were drawing some information from their
immediate experience with local weather to make judgments about climate change, the
local temperature departure from normal to which respondents were exposed was a
significant predictor of climate change beliefs. More specifically, the results indicate that
the direction and extent to which local temperatures depart from normal have a significant effect on the probability of believing that climate change has recently become more
of a problem at the national level. While the magnitude of the effect is not extreme, it is
comparable to that of political ideology, a variable that have been previously shown to
predict risk perceptions about global warming (Weber 2010). Additionally, the effect is
similar to the recently identified effect of local temperature on Americans’ belief that
there is strong evidence for global warming (Egan and Mullin 2012). While the dependent variable of this study is not directly comparable to that of the study in the U.S., the
belief that climate change is a problem is a related concept to beliefs about the evidence
for global warming. In the study by Egan and Mullin (2012), an increase in previous
seven days’ temperature anomaly of 1 ºC was associated with a 0.6 percent increase in
the probability of belief that there is strong evidence for global warming. By comparison,
this study found that a 1 ºC increase in the current monthly temperature anomaly was
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associated with a 2.0 percent increase in the probability of belief that climate change has
recently became a lot more of a problem.
This study had several limitations, as with other research that relies on a natural experimental design. While the overall pool of respondents were exposed to a wide range of
local temperature anomalies, the range of local temperature anomalies within countries
was not as wide. For instance, respondents in certain countries were exposed to relatively
homogenous conditions either because their countries had relatively small land areas and
there were no subnational geographic data available in the survey dataset (such as in
Luxembourg and Malta), or their populations were experiencing relatively similar
weather across the country at the time of the survey (such as in Finland and Slovakia).
Further research should examine the effect identified in this study with climate data
available at finer temporal and spatial resolutions, potentially making use of georeferenced respondent addresses or postal codes and daily or hourly climate data tied to the
date and time of survey interviews. If people are indeed basing climate change beliefs at
least in part on their immediate experience, then more accurate and precise measurements
of local climate conditions in space and time should reveal a larger effect of local climate
on climate change beliefs than that identified in this and other recent studies. In addition,
the use of longitudinal survey data in combination with precise geographic data would
allow an examination of changes in beliefs over time as individuals experience different
weather conditions.

6.5 Conclusions
This study builds on the results of Chapters 3 and 4 by showing that beliefs about
climate change—not only perceptions about local temperature or precipitation—can also
be influenced by local climate experience. Individual beliefs about climate change are
important drivers of support for mitigation policy and personal actions to reduce greenhouse gas emissions. As such, it is essential to understand the drivers of these beliefs. As
global temperatures rise, more of the world’s population will be exposed to weather
conditions with which they have no previous experience. Many people already believe
that climate change is a serious problem, but the findings of this study show that those
beliefs may not necessarily be stable over space and time, with short-term fluctuations
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partly driven by immediate experience. Despite these effects, ongoing global warming
will continue to make above-normal temperatures more likely at the local level
(Rahmstorf and Coumou 2011). Therefore, on balance, the effect of immediate experience identified in this study will likely accelerate the spread of beliefs over the long term
that climate change is becoming more of a problem. If such beliefs provoke behavioral
responses and increased support for policy changes, then the effect of immediate experience has the potential to drive a negative feedback on global warming, ultimately leading
to reductions in global greenhouse gas emissions.

176

7. CONCLUSIONS
7.1 Synopsis
The effects of global warming are primarily long-term, slow-developing, and spatially heterogeneous, meaning that people making decisions to respond to global warming
must frequently base their risk evaluations on descriptive information about the risk,
rather than their firsthand experience. But do people truly lack personal experience with
the consequences of climate change? The findings of this dissertation suggest otherwise—that recent experience with local climate conditions has been used in judgments
about long-term climate change. Average global temperatures have been rising for over a
century, and climatic extremes are increasingly observed at local and regional scales.
While a short-term bout of extreme weather cannot be directly attributed to climate
change, it can serve as a proxy for what a future climate would look like under scenarios
of global warming. Understood as such, many individuals have indeed had direct experience with manifestations of climate change and, as this dissertation showed, are able to
use their experience to form judgments about climate change at the local scale.
This dissertation focused on two coupled topics: the perception of climate change
at the local scale, and the role of experience with local climate in the perception of global
warming. To address these topics, I analyzed data from representative national and crossnational surveys in combination with local climate data. As part of this analysis, I created
a method for estimating population-representative climate indicators that integrates
spatial climate datasets with spatial population data. In addition to addressing fundamental topics such as the ability and extent to which individuals can perceive local climate
change and the salience of temperature or precipitation as an indicator of climate change,
I also hypothesized that the intuitive cognitive processes of attribute substitution and
motivated reasoning influence local climate change perceptions among those with
different sets of beliefs about global warming. Findings indicated that perceptions of
local climate and climate change do largely correspond with local climate data, although
they may also be subject to biases based on factors like the local season, as shown in
Chapter 4, and preexisting beliefs about global warming due to motivated reasoning, as
shown in Chapter 5. Finally, findings also demonstrate that beliefs about global warming
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are likely to be influenced in part by recent experience with local climate conditions, a
process consistent with attribute substitution.
The dissertation began with an introduction in Chapter 1 to the concept of local
climate change perception, contending that personal experience can inform perceptions
about local climate change. This contention was based on a theoretical framework based
on Bayesian learning that suggests that experience with current climate conditions, when
coupled with memories of past conditions, can be used to update expectations for future
states of the climate.
A review of existing literature in Chapter 2 found multiple lines of evidence that
suggest that people are able to detect changes in their local climates through their personal experience. Although humans cannot directly perceive long-term climate, we can
experience short-term weather and use our memory of those meteorological experiences
to form expectations about climate over time, comparing those expectations to our
experience to detect change. However, memories of past climate conditions and judgments about the future are fallible and subject to cognitive biases that may cause
judgments about the climate to deviate from recorded climate data. For example, research
has shown that expectations of climate may be influenced by the most visible climate
indicators, by more recent climate conditions over past conditions, and by climate indicators that are more salient for our livelihoods. The evidence reviewed in Chapter 2 also
suggests that the changes we experience may also influence our beliefs and attitudes
about the broader phenomenon of global warming. Although the case studies described in
the chapter found that people are able to detect certain changes in their local climate,
these studies are limited by their fine scale, their place-dependence, and their frequent use
of non-representative samples. In addition, the studies that explore evidence for a role of
personal experience in beliefs about global warming are largely limited to the U.S., with
a narrow range of what constitutes individual experience with climate change. The
studies in this dissertation attempted to address these shortcomings by systematically
examining a large set of respondents across the globe in a diverse set of local climates.
To test the effect of local climate conditions on perceptions and beliefs about climate change, it is first necessary to describe the local climate conditions that people have
experienced in the places where they live. The broad-scale study in Chapter 3 quantified
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several characteristics of the wide range of climate conditions to which populations are
exposed across the world. It described a solution to the challenge of estimating placebased climate exposure in a methodology termed the Spatial Climate Exposure (SCE)
model. The SCE model integrates spatial climate data with spatial population data to
estimate how populations within a defined region are exposed to climate indicators over
time. A proof of concept of the SCE model illustrated how national populations have
been differentially exposed to changing average temperatures over time.
The next study, described in Chapter 4, applied the results of the SCE model to examine how people in 89 countries around the world perceive recent changes in average
local temperatures. Based on a sample of over 91,000 respondents collected over two
years, the results demonstrated trends in public perceptions of local climate change that
corresponded with patterns of observed temperature change from gridded climate data.
While the majority of respondents reported that their local area had been getting warmer
on average over the past five years, those in places that showed more extreme warming
were more likely to report that local average temperatures were rising. In addition, other
local climate characteristics also appeared to bias perceptions of local change, namely the
season in which respondents were interviewed about their perceptions. People were more
likely to report that local temperatures had increased when asked during the summer or
the local warm season, which is consistent with other research showing that immediate
experience, through the process of attribute substitution, can influence perceptions about
climate change. Nevertheless, when controlling for the local season and individual
demographic characteristics, individuals who lived in places with average temperatures
were more likely than others to perceive that average temperatures in their local area
were rising. This effect was significant both within and between countries, with an
increase in average temperatures over the past 12 months of 1 ºC associated with a 7–12
percent increase in the probability that respondents would perceive that local average
temperatures were rising. The findings of this chapter suggest that as global climate
change intensifies, changes in local temperatures and weather patterns may be increasingly noticed by local populations around the world.
The following study, in Chapter 5, examined in more detail the perceptions of seasonal climate of U.S. residents. The analysis compared recollections of two seasons in the
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U.S.––summer 2010 and winter 2010–11––that had opposite extremes in temperature and
precipitation across large areas of the country. This study was one of the first to investigate whether the population of a large industrialized country is able to accurately recall
changes in local climate through personal experience. In addition, it used a novel methodology to precisely georeference survey respondents and characterize the climate
conditions to which they were exposed. The findings in Chapter 5 showed that local
climate perceptions were distributed non-randomly over space in patterns that appear to
derive from local climate experience. The results showed that respondents were generally
capable of recalling if recent seasons were above or below normal in terms of temperature and precipitation, albeit with limitations consistent with the cognitive biases of
recency and motivated reasoning. As the results of this study showed, those who strongly
believed in the existence and threat of global warming were more likely to believe that
they had experienced warmer temperatures in the past than those who doubted the
existence and threat of global warming. As seasons become harder to remember over
time, the recollection of past climate conditions tends to increasingly depend on preexisting beliefs about global warming.
The final study, in Chapter 6, examined an alternate proposed causal relationship
between beliefs about global warming and local climate conditions. In addition to global
warming beliefs influencing perceptions of local climate through motivated reasoning, I
hypothesized that immediate experience with local climate conditions may influence
beliefs about global warming. The findings described in Chapter 6 showed that beliefs
about climate change—not only perceptions about local temperature or precipitation—
can also be influenced by immediate local climate experience in the form of monthly
deviations from normal in local temperature. These findings were obtained using a large
set of survey respondents in the European Union who were exposed to a range of local
temperatures. The spatial patterns of global warming beliefs both within and between
countries were significantly non-random, and positively clustered in ways that corresponded with recent local temperature anomaly patterns. Respondents in regions that
were colder than normal were less likely to believe that climate change had become more
of a problem than respondents in regions that were warmer than normal. Multilevel
model results indicated that the direction and extent to which local temperatures depart
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from normal had a significant effect on the probability of believing that climate change
has recently become more of a problem at the national level. This effect was consistent
even when controlling for demographics, education, and political ideology. The magnitude of the effect was equivalent to a 1 ºC increase in the current monthly temperature
anomaly, thereby increasing the probability of believing that climate change has became
a lot more of a problem by 2 percent, which was similar to the effect of gender and
political ideology in the sample.
In general, the studies in this dissertation examined relationships within the process
of local climate change perception and the formation of beliefs about global warming
(Figure 7.1). The overall findings provide support for the claim that individual experience with local climate conditions serves as a source of information for updating
perceptions about local climate change. The findings also suggest that perceptions are
also vulnerable to cognitive biases inherent in human information processing, such as
relying too heavily on recent information (recency) and making intuitive judgments based
on easily accessible pre-existing beliefs (motivated reasoning and attribute substitution).

Adaptation
behavior

Local climate

Global
climate

Personal
experience

Memory of
local climate
Beliefs about global
climate change

Perception of
local climate
change

Descriptive climate information

Risk
perception

Mitigation
behavior

Figure 7.1: Process model of the influences on perceptions of local climate change. The gray box
indicates the individual cognitive process of experiencing and remembering local climate
conditions and using those experiences to construct perceptions of local climate change and
associated risk perceptions. Dotted lines indicate relationships that may be influenced by attribute substitution due to beliefs about global climate change. The lines highlighted in blue
represent the relationships examined in this dissertation.

These results illustrate the malleability of public perceptions about climate change
over time and space. Nevertheless, they also show that public perceptions are responding
to changes in external conditions that are characteristic of global warming. Since it is
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well established that global warming will expose human populations around the world to
local weather events that fall outside the range of recent experience (Rahmstorf and
Coumou 2011), it is reassuring to find evidence that even the current range of experience
with local climate change is not going unnoticed. This finding may have substantial
implications on the motivation and willingness to respond to climate change through
adaptation and mitigation, both through personal behavior and support for policy change.

7.2 Significance and an agenda for future research
This dissertation uses novel methodologies and several large datasets to examine
human perception of climate change, a fundamental aspect of human-environment
interaction. It draws from a long trend of research in geography focusing on environmental perception. Investigations into the perception of climate date back to early humanenvironment and natural hazards geography (e.g. Saarinen 1966; White 1974), and the
role of human perception is now accepted as an important object of study in the human
dimensions of global change (Liverman et al. 2003; Adger et al. 2007). This research also
draws on the strengths of geography to explicitly address cross-scale human-environment
relationships, examining how people perceive and react to global climate change in local
places (Wilbanks and Kates 1999). In addition to studying one aspect of the coupled
human-environment system, the research in this dissertation was also facilitated by
quantitative spatial analysis methods from geographic information science. This project
therefore presents an example of a synthesis of what Turner (2002) terms the two contested identities of the discipline of geography: the spatial–chorological identity and the
human-environment identity. Finally, this research builds on findings not only by geographers but also by scholars in anthropology, history, political science, and psychology to
provide new insight into human perceptions of local and global climate change.
While this dissertation addressed several important relationships within the process
of local climate change perception, this process is still not fully understood. There remain
numerous opportunities for future research to expand our understanding of how local
climate change perceptions are formed, of other biases on perceptions, and of the role of
local climate change perceptions in adaptation and mitigation behavior. For example, the
ways in which people conceptualize normal climate conditions is not well understood,

182

which is important if, as discussed earlier in this dissertation, the perception of local
climate change relies on the comparison of current conditions to a perceived normal
climate (e.g. Hulme et al. 2009). In addition, there are still few conclusive findings on the
relationship between personal experience of extreme climatic conditions and behavior
change (e.g. Smit et al. 1996). While there is some knowledge about the role of climate
experience in the behavior of farmers, experts do not know what conditions or thresholds
may prompt behavior change or shifts in policy support among the general population.
Further, there is a need for more detailed studies using climate and survey data with
greater temporal and spatial resolution.
Although the studies in this dissertation examined the effect on perceptions of
changes in average conditions over relatively long periods, short-term weather events
may have substantial effects on perceptions of climate change. For example, the experience of a weather-related natural disaster such as a tornado occurs at spatial and temporal
scales much too fine to be represented in the data used in this dissertation, but such
experience might have a powerful influence on perceptions and beliefs related to climate
change. There is also a need for longitudinal studies to follow individuals over time and
evaluate whether changes in the perception of climate change within individuals correspond to personal experience. More detailed survey data is also needed on, for example,
individual residential tenure in the context of climate change perceptions. The length of
time to which people are exposed to local climate conditions may be an important mediator of the ability to detect changes in local climate, so future research should examine
how highly mobile populations might go about perceiving local climate change. In
addition to examining the role of personal experience, future research should examine the
role of descriptive information in the perception of local climate change, such as through
media coverage. This research might, for example, examine the effect of media coverage
of abnormal weather in distant places on local climate change perceptions—what might
be termed a “perceptual teleconnection.” Finally, research should explore the broad
diversity of climatic conditions to which people are exposed in addition to changes in
average temperatures and precipitation. The questions addressed in this dissertation are a
necessary precursor to such compelling research directions concerning the spatiotemporal
variability of climate change perceptions and beliefs.
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With the rate of global warming expected to increase over the next several decades,
it will be essential to understand if the increasingly abnormal weather associated with
global warming will influence individual mitigation behavior and policy support, a
relationship that could act as a positive or negative feedback. Individual behavior represents an important source of possible GHG emissions reductions and local adaptation,
and knowledge about the determinants of such behavior will be a critical component of
climate change mitigation and adaptation policy and risk communication. This dissertation provides useful findings about a potential pathway through which personal
experience may influence perceptions––and potentially behaviors––under scenarios of
climate change.
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APPENDIX
A.1 R code for Spatial Climate Exposure model
A.1.1 Population-weighted Monte Carlo point simulations
mosce.pointsim <- function(regionshapes, pop, regions, path = “/R output/Points/", weights = TRUE, npoints = 1000){
num <- length(regions)
i <- 1
for(i in i:num){
#simulate points
region.shp <- regionshapes[as.character(regionshapes$ISO)==as.character(regions[i]),] #load
selected region borders
region.crop <- crop(pop, region.shp) #crop population raster to extent of
shapefile
region.crop.poly <- rasterize(region.shp, region.crop, mask=TRUE) #clip
population raster to polygons of shapefile
rm(region.crop)
region.grid <- as(region.crop.poly, 'SpatialGridDataFrame') #translate
formats for spatstat package
rm(region.crop.poly)
region.im <- as.im(region.grid)
rm(region.grid)
if(weights == TRUE) points1 <- rpoint(npoints, region.im, verbose=TRUE)
else points1 <- rpoint(npoints, 1, win=region.im, verbose=TRUE)
points1.sp <- as.SpatialPoints.ppp(points1)
#save(points1.sp, file=paste(path,regions[i],"_points.RData", sep=""))
if(weights ==TRUE) save(points1.sp, file=paste(path, "weighted/", regions[i],"_points_weighted.RData", sep="")) else save(points1.sp,
file=paste(path, "unweighted/", regions[i],"_points_unweighted.RData", sep=""))
if(weights ==TRUE) writePointsShape(points1.sp, fn=paste(path,
"weighted/", regions[i],"_points_weighted", sep="")) else
writePointsShape(points1.sp, fn=paste(path, "unweighted/", regions[i],"_points_unweighted", sep=""))
rm(points1.sp)
gc()
}
}

A.1.2 Extract climate raster data by points and calculate summary statistics
#Extract climate raster data by points
mosce.extract.w <- function(region, regionshapes, clim, pointspath = "R output/Points/", savepath= "R output/Results/weighted/", begin.mo = 1, origname,
baseperiod, maps=TRUE){
months <- nlayers(clim)
#actual values
region.values.weighted <- data.frame(1:months)
region.values.weighted$mean <- c(NA)
region.values.weighted$sd <- c(NA)
region.values.weighted$p05 <- c(NA)
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region.values.weighted$p95 <region.values.weighted$max <region.values.weighted$min <region.values.weighted$p25 <region.values.weighted$p75 <region.values.weighted$median

c(NA)
c(NA)
c(NA)
c(NA)
c(NA)
<- c(NA)

#load country population point simulation
#points1.sp <- readShapePoints(fn=paste(pointspath, region,"_points.shp", sep=""))
region.shp <world[as.character(regionshapes$NAME_1)==as.character(region),] #load region
borders
spatstat.options(checkpolygons=FALSE)
win <- as.owin(region.shp)
spatstat.options(checkpolygons=TRUE)
load(file=paste(pointspath, region,"_points_weighted.RData", sep=""))
if(length(points1.sp)>10000){points1.sp <- sample(points1.sp, 10000)}
else ""
points1.ppp <- as.ppp(points1.sp) #convert to spatstat format
points1.ppp <- suppressWarnings(ppp(points1.ppp$x, points1.ppp$y,
window=win)) #only use points within specified region
points1.ppp <- as.ppp(points1.ppp)
points1.sp.select <- as.SpatialPoints.ppp(points1.ppp) #convert back
to spatialPoints
#region.values <- matrix(nrow=length(points1.sp), ncol=months)
region.values <- extract(clim, coordinates(points1.sp.select),
method='simple')

if(length(dim(region.values))>0){ #for raster files of more than one
layer
region.values.weighted$mean <- apply(region.values, MARGIN=2,
FUN=mean, na.rm=TRUE)
region.values.weighted$sd <- apply(region.values, MARGIN=2, FUN=sd,
na.rm=TRUE)
region.values.weighted$max <- apply(region.values, MARGIN=2, FUN=max,
na.rm=TRUE)
region.values.weighted$min <- apply(region.values, MARGIN=2, FUN=min,
na.rm=TRUE)
region.values.weighted$median <- apply(region.values, MARGIN=2,
FUN=median, na.rm=TRUE)
region.values.weighted$p05 <- apply(region.values, MARGIN=2,
FUN=quantile, c(.05), na.rm=TRUE)
region.values.weighted$p95 <- apply(region.values, MARGIN=2,
FUN=quantile, c(.95), na.rm=TRUE)
region.values.weighted$p25 <- apply(region.values, MARGIN=2,
FUN=quantile, c(.25), na.rm=TRUE)
region.values.weighted$p75 <- apply(region.values, MARGIN=2,
FUN=quantile, c(.75), na.rm=TRUE)

206

} else {
#for single-layer rasters
region.values.weighted$mean <- mean(region.values, na.rm=TRUE)
region.values.weighted$sd <- sd(region.values, na.rm=TRUE)
region.values.weighted$max <- max(region.values, na.rm=TRUE)
region.values.weighted$min <- min(region.values, na.rm=TRUE)
region.values.weighted$median <- median(region.values,
na.rm=TRUE)
region.values.weighted$p05 <- quantile(region.values, c(.05),
na.rm=TRUE)
region.values.weighted$p95 <- quantile(region.values, c(.95),
na.rm=TRUE)
region.values.weighted$p25 <- quantile(region.values, c(.25),
na.rm=TRUE)
region.values.weighted$p75 <- quantile(region.values, c(.75),
na.rm=TRUE)
}
rm(points1.sp.select)
#save summary data frame
dir.create(paste(savepath, "regions/", region, "/", sep=""))
dir.create(paste(savepath, "regions/", region, "/Maps/", sep=""))
save(region.values, file=paste(savepath, "regions/",region, "/",
region, "_", origname, "_", baseperiod, "_MC_values.RData", sep=""))
write.csv(region.values.weighted, file=paste(savepath, "regions/",
region, "/", region, "_", origname, "_", baseperiod, "_MC_summary.csv",
sep=""))
#save plot
if(maps==TRUE){
#pdf
pdf(paste(savepath, "regions/", region, "/Maps/", region,
"_MC_points.pdf", sep=""), width=5, height=5)
plot(points1.ppp, main="", cex=.35)
map.axes()
map.scale(cex=.75)
title(main=region.shp@data$NAME_1, xlab="Longitude", ylab="Latitude",
sub=paste(points1.ppp$n, " points", sep=""))
axis(side=1, tick=FALSE, labels=FALSE, xlab="test")
dev.off()
}
rm(points1.ppp)
}
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