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How Beliefs about Climate Change Adapt? A Natural Experiment with

Evidence on Excess Sensitivity to a Weather Event

Seo Woo Lee!?, Hongli Feng?, and David A. Hennessy?>

Abstract

A prerequisite for adapting decisions to a new environment is the belief that the environment
has changed. Agricultural field crop and grass-based cattle production involve long-term
investments, including land conversion, buildings, drainage infrastructure, and crop-specific
skill acquisition. Agricultural practices evolve to match the prevailing climate, so climate
change will have major effects on the sector and timely adaptation is important for an efficient,
economically sustainable production base. For a drought-prone region with variable weather
and continental climate extremes, this chapter considers how a drought that occurred between
two surveys of the same landowners affected responses to queries on viewpoints regarding
changing weather patterns. Although drought is quite typical for the region and a single drought
period is unlikely to be informative regarding climate change, we find that climate change
beliefs were quite sensitive to the degree of drought experienced. The findings suggest that
climate change perceptions are likely unstable, implying the need for caution when enacting

policies intended to foster changing perspectives.

1 Introduction
Weather outcomes and the underlying climate enter many of the most important agricultural
decisions. Despite the development of various agricultural technologies to cope with climate

risk, climate remains a great influence on crop yields, and so on farmers’ profits. For example,
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in 2019 heavy rainfall and flooding events prevented U.S. farmers from planting crops on more
than 14 million acres in a timely manner (USDA, 2019). As a result, farmers are well-motivated
to seek a better understanding of changes in weather patterns relevant to them so as to mitigate
damage (e.g., Abendroth et al., 2020). In the process, they encounter various forms of
information where for our purposes we classify weather/climate information used to make
production decisions into i) subjective climate information based on first-hand experiences and
feelings, and i) objective data as might best be measured by official statistical sources.

These two forms of information receive different weights in decision-making while the
processes involved in assimilating subjectively obtained climate information can lead to bias.
Individuals tend to base decisions on their perceptions (subjective information) as distinct from
objective data (Akerlof and Dickens, 1982). Furthermore, statistical information is often
recontextualized by decision makers based upon their own experiences (Marx et al., 2007).
Therefore, how actual data affect human perceptions should be taken into consideration when
analyzing farmer behavior and adaptation to climate. Support for climate policies is related to
individual perceptions about climate change (Leiserowitz, 2006). Knowing the relationship
between projected future climate and a farmer’s viewpoint on climate change will allow
policymakers to set the appropriate scope of and targets for climate change adaptation and
mitigation policy as they seek to engage farmers.

In this chapter, we investigate the relation between human perception and weather
events. Specifically, we focus on how beliefs about climate change adapt after experiencing an
extreme weather event. We will examine objective statistical data by considering the weather
history in our study area so as to understand respondents’ previous experiences. We will also
examine subjective, first-hand data, obtained from surveys conducted before and after a
particular extreme weather event. Then, using Difference-in-Difference (DID) analysis, we
analyze how perceptions about climate change shifted after experiencing the extreme weather
event. The results will allow us to infer the relation between extreme weather event and human
perception.

This chapter makes the following contributions to the literature. First, to our knowledge,
no previous research regarding weather perceptions has used farmer panel data that was
collected both 1) before and ii) after an extreme weather event. The vast majority of relevant
existing inquiries have used cross-sectional data that were only collected after an extreme

weather event’s occurrence (Spence et al., 2011; Haden et al., 2012; Niles et al., 2013). Second,



previous studies on the topic have focused principally on personal experiences among the
general public (Joireman et al., 2010; Li et al., 2011; Goebbert et al., 2012; Myers et al., 2013;
Shao, 2016; Howe et al., 2019; Gértner and Schoen, 2021). Only a few have focused on
professionals whose business choices and performance outcomes are weather sensitive (Carlton
et al., 2016). Our study subjects are farmers whose decisions are influenced by weather and,
often, whose family livelihood depends on harvests that are dictated by weather. Experienced
professionals have been found to make more rational decisions than people who are less
experienced in the decision-making contexts at hand, likely because experiences admit a better
understanding of the subject and deeper appreciation of related consequences (List 2004; List
and Haigh 2009). Third, this study is distinguished from previous studies in that the survey was
conducted without using the term “climate change”. Opinion on climate change can be heavily
influenced by political and cultural background (McCright and Dunlap, 2011; Egan and Mullin,
2012; Myers et al., 2013; Yazar et al., 2021). Therefore, to prevent any possible bias the term
“climate change” might evoke, our survey questions directly asked about changes in weather
patterns. Finally, our most general contribution to the literature regards information on the
stability and sensitivity of beliefs. We provide evidence that climate domain beliefs, at least
regarding drought, may be excessively sensitive to recent events. Such sensitivity has important
policy implications.

The remainder of this chapter is organized as follows. In the next section, we review
existing literatures on how beliefs about climate change, and more generally beliefs about
stochastic laws, change. We then describe our data and study area and follow up with a
description of approaches to data analysis and methodologies used. After presenting the

estimation results, we conclude with a brief discussion.

2 Literature Review

How we learn is determined in part by what is to be learned. Some information can be
established deterministically by a controlled experiment designed and implemented by an
experimenter so that learning can take place discretely over time. This is not the case when what
is to be learned regards a distribution shift. Then repeated experiments are required in order to
settle on the truth. Climate change refers to a change in climate at a location that occurs over
many years and then persists for decades or longer (IPCC, 2021). Climate itself is an intricate

assembly of stochastic events where climate change can be viewed as a re-weighting on event



probabilities for a location as well as the emergence of weather events new to the location.
Therefore, climate change can only be experienced by samples with timing determined by
nature (Swim et al., 2011). Furthermore, personal perceptions about climate change are
relatively unique as each individual has different preferences and circumstances, and may feel
the impacts of climate change differently (Van Der Linden, 2014).

No consensus has yet emerged about whether a relationship exists between an extreme
weather experience and perceptions about climate change. Many scholars have identified
evidence that experiencing extreme weather events affects one’s perception about climate
change (Weber, 2013). However, not all studies agree that people change their perceptions after
experiencing extreme weather events or how perceptions change. Whitmarsh (2008) has argued
that there is no difference in responses to climate change between those who do and do not
experience extreme floods. Brulle et al. (2012) found that none among high temperature,
extreme precipitation, and drought had a significant effect on public concerns about climate
change. On the other hand, Spence et al. (2011) examined the linkage between flooding
experience and perceptions about climate change to infer that experiencing a flood does
promote both concern about and actions to mitigate climate change. In an analysis that
connected the U.S. National Oceanic and Atmospheric Administration (NOAA) storm events
database with public opinion surveys, Konisky et al. (2015) found a positive relationship
between an experience of extreme weather events and expressions of concern about climate
change. Working with U.S. crop loss data and survey information about federal farm advisor
viewpoints, Niles et al. (2019) demonstrated that experiencing extreme drought alters
perceptions about weather variability as distinct from perceptions about climate change.

While the relationship between experiencing extreme weather events and climate change
perceptions remains unclear, no literature has considered subject prior experiences when
analyzing the relation between extreme weather experiences and climate change perceptions.
Individuals perceive events based on their experience and personal values (Lazarus 1984;
Loewenstein et al. 2001). Individuals who have frequently experienced certain weather events
can increase their knowledge about these events and adapt their decisions on how to respond
(Hansson et al., 1982). As climate change is a progressive process of adjustments in average
weather patterns over a long time period, in order to examine how extreme weather events
affect climate change perceptions it is important to control for a respondent’s entire prior

weather event experiences.



Belief formation regarding climate change is an important strand in the larger literature
on belief updating, a literature that a brief review cannot possibly do justice to (Benjamin,
2019). Shiller (1981) and also De Bondt and Thaler (1985) have, for example, demonstrated
that beliefs about future stock returns are excessively sensitive to information and may even
respond to information of no relevance for stock returns. In addition to the novel challenge these
observations pose for the efficient market hypothesis (Fama, 1970) and for neoclassical
economics more generally, this finding is remarkable in the behavioral economics possibilities
that it has posed and in making connections with disparate literatures. Among these are
connections with experimental psychology and psychology more generally.

The earliest experiments on Bayesian updating were conducted by Ward Edwards and
colleagues (Edwards and Phillips, 1968), who demonstrated conservatism in updating prior
information and also the underweighting of prior beliefs (Benjamin, 2019; Kahneman and
Tversky, 1973). This corpus also showed that more recent events are given extra weight in
belief updates (Pitz and Reinhold, 1968; Grether, 1992; Benjamin, 2019), i.e., there are recency
effects. Recency effects have long been detected in laboratory settings (Broadbent and
Broadbent, 1981). They are also known to be present in learning to manage finances (Agarwal
et al., 2008) and popular assessments of performance (Page and Page, 2010). Perhaps the most
relevant work on how weather events affect beliefs about climate change is due to Deryungina
(2013), who used Gallup Poll surveys in the United States over the years 2003-2010. She found

little evidence of recency effects and substantial evidence in favor of Bayesian updating.

3 Data

In this section we introduce the data used in our analysis. As we are interested in the
relationship between human perceptions and actual weather events, these data consist of two
sets. One includes responses to two surveys that were conducted in 2015 and 2018. This set
provides us with perceptions about climate change as well as respondent and farm
characteristics. The other set contains objective official weather data as provided by the U.S.
Drought Monitor (2021). The sets are linked by respondent location of residence information.
Details on each data set are provided in separate subsections below.

3.1. Survey Data

Two surveys were conducted in 2015 and 2018 as part of a larger endeavor to understand land

use adaptation and climate change. The first was conducted before a drought, and indeed before



any reasonable indicators became available that a drought would occur in two years. In 2017 a
drought hit North Dakota, South Dakota, and Montana, decreasing agricultural production, and
resulting over one billion dollars in economic losses (Hoell et al., 2019). The drought, which
occurred unexpectedly during the rainy season (Otkin et al., 2017), commenced in mid-May and
spread through the Northern Great Plains until July 25th. The drought separated farmers into
groups according to drought severity incidents in their locality, as measured objectively by
government agencies through well-established procedures. The event provides a natural
economic experiment in that it is a randomized treatment (Dunning, 2012).

Our study includes 20 counties in North Dakota and 37 counties in South Dakota, all
east of the Missouri River (Figure 1). In each county, the majority of all farmland acres are
under cultivated annual crops. The survey targeted farm operators who operated more than 100
acres and had recently raised at least some wheat, corn, soybeans, or grass/hay. The survey
sample was purchased from a farm sampling frame provided by Survey Sampling International
(now, after company rebranding, Dynata, self-claimed to be “the world’s largest first-party data
company, with a global reach of nearly 70 million consumers and business professionals™).
Sample selection was proportional by county so that more farmers were included from counties
with comparatively more eligible farms. All survey mailing and data coding were handled by
the Iowa State University Survey Research Center. The survey has been reported elsewhere
where further details are available in Wang et al. (2017) and Wimberly et al. (2017), where
studies examined issues related to land use change.

Figure 2 describes the timeline for our belief adaptation natural experiment. For the first
survey (Survey #1), conducted in 2015, 3,000 surveys were mailed and 1,026 completed
surveys were returned (34.2% response rate). The drought, which we consider to be nature’s
treatment, arrived two years later. In 2018, a follow-up survey (Survey #2) was conducted for
the 884 respondents who had completed the 2015 survey and were less than 70 years old at the
time of the 2018 survey. We received 517 surveys back, a 61.9% response rate. Among Survey
#2 responses, 506 were sufficiently complete for inclusion in our analysis. Figure 1 shows the
number of sufficiently complete responses for both surveys across the counties studied.

For weather pattern perceptions about drought, the respondents were asked to indicate
‘less’, ‘same’, or ‘more’ compared to the past 10 years. In addition, we collected respondent
demographics, farm business characteristics such as whether they applied no-till cropping or

used tile drainage, as well as land ownership status and soil characteristics including slope and



Land Capability Classes (LCC). LCC classification partitions land into eight categories based

on soil and land attributes (Helms, 1992). Variable descriptions and summary statistics are

presented in Table 1.

Table 1 Variable Descriptions and Summary Statistics

Mean

Variable Description (Std. Dev.) Min Max
Drought pattern perception in 2015. 1.89
droul5 Less drought (=1); Same (=2); More drought © 7 0) 1 3
(=3) compared to the past 10 years. '
Drought pattern perception in 2018. 516
droul8 Less drought (=1); Same (=2); More drought © 7 4) 1 3
(=3) compared to the past 10 years. '
Birth year  Birth year (91 9963(; 1929 1992
Highest education level completed. Less than
. high school (1); high school (2); some 3.04
Education co%lege/technical school (3); 4-year college (0.84) ! >
degree (4); Advanced degree (5)
Level of annual gross farm/ranch sales: <$50K
Earn (1); $50K-$99.9K (2); $100K-$249.9K (3); 3.91 1 5
$250K-$499.9K (4); $500K-$999.9K (5); $1 (1.31)
million+ (6)
Land ownership status. Own all acres farmed
(1); own most acres farmed, renting the
. remainder (2); own and rent roughly equal 2.79
Ownership number of farmland acres (3); rent most acres (1.16) ! >
farmed, owning the remainder (4); rent all acres
farmed (5)
No-till =1 if adopted or increased use of no-till between 0.51 0 1
2005 and 2015; = 0 otherwise. (0.50)
Drainage =1 if adopted or increased drainage on cropland 0.23 0 1
acres between 2005 and 2015; = 0 otherwise. (0.42)
Percentage of soils with Land Capability 95 41
LCC4 Classification (LCC) less than or equal to IV ) 0.02 100
o . . (11.44)
within 1 mile radius
Percentage of soils with slope less than or equal 48.52
Slope t0 4 within | mile radius, ) (36.73) 0 100
Latitude Latitude of respondent’s location 653219) 4291 47.83
Longitude  Longitude of respondent’s location -98.00 . i}
(1.07) 100.78 96.47




Given non-responses (38.1%) in the second survey, representativeness and sample
selection issues are concerns. Table 2 compares responses given in the repeated samples with
those given by subjects who took part only in Survey #1. Significant differences in mean
drought pattern perceptions and farm ownership become apparent. Respondents who answered
the follow up survey in 2018 were more likely to own a comparatively higher percentage of
farmland. The farm ownership variable is 0.17 lower in the repeated group. Also, when
compared with those who completed Survey #1 only, Survey #2 respondents reported on
average 0.38 units lower perceived changes in drought. This difference leads us to conjecture
that there may be a selection bias. Except for these differences, the repeated group and the non-

repeated group show no significant difference.

Table 2 2015 Summary Statistics for Survey #1 Responses, broken down by those who
answered both surveys and those who answered only Survey #1

Repeated, Non-repeated,

(Answered both surveys) (i.e., answered Survey #1 only)

Mean Std. Dev. Mean Std. Dev.
Droul5 ™" 1.89 0.70 2.27 1.15
Drought Severity 1.07 0.91 1.14 0.95
Age 3.03 0.85 2.98 0.94
Education 3.04 0.84 2.99 0.88
Annual income 3.91 1.31 3.82 1.39
Farm ownership = 2.79 1.16 2.96 1.23
LCC4 95.41 11.44 95.98 10.44
Slope 48.52 36.73 49.18 3841
Drainage 0.23 0.42 0.21 0.41
No-till 0.51 0.50 0.51 0.50

¥ k¥ kkk

indicates mean difference is significant at 10%, 5%, 1% levels, respectively.

2 b

3.2. Drought Data

As the survey data only provide us with how respondents perceived weather, we also need an
objective weather metric to compare with. For this purpose, the Drought Index (DI) from the
U.S. Drought Monitor (USDM) as recorded on July 25" from the years 2000 through 2017 was
collected. We choose the drought condition on July 25™ 2017 because the drought was most
widespread during that week. The USDM is reported weekly and its values are temporally

stable, but to confirm robustness we also considered data recorded on July 18" and August 1°'.



The magnitude of drought effect* is smaller with these alternative dates as the drought was most
common in the week of July 25" 2017 but they had no material effect on our results. The data
range 2000-2017 was chosen because DI data are available since 2000 while 2017 represents
the extent of data available to the 2018 survey respondents.

The index DI is produced jointly by the National Drought Mitigation Center (NDMC) at
the University of Nebraska-Lincoln, NOAA, and the U.S. Department of Agriculture (USDA)
using satellite-based assessments and climatological indices such as the Palmer Drought
Severity Index and the Keech-Byram Drought Index for fire (U.S. Drought Monitor, 2021).
This index identifies drought severity under four categories as described in Table 3. Unlike
other index such as the Palmer Drought Severity Index or the Standardized Precipitation Index,
DI is not a statistical model. DI aggregates a variety of contributory factors, including soil
moisture, hydrological inputs, climatological inputs as well as local data such as grazing
conditions or information about how drought is affecting people, to ensure index robustness and
suitability for monitoring impact on agriculture (Svoboda et al., 2002). The severity of drought
experienced by each respondent was assumed to be that for the farm address as collated with DI

spatial maps.

Table 3 Description of Drought Monitor Index

B;?euggslrty Description of the Category (U.S. Drought Monitor, 2012) NY

None - 13
Abnormally dry: when going into drought, short-term dryness slows

DO growth of crops/pastures and when going out of drought, there are some 150
lingering water deficits.

D1 Moderate drought: some damage to crop/pastures, some developing water 196
shortages.

D2 Severe drought: crop/pasture losses are likely, water shortages are 108
common.

D3 Extreme drought: major crop/pasture losses, widespread water shortages. 39

D4 Exceptional drought: are exceptional and widespread crop/pasture losses 0

and shortages of water creating water emergencies.

1) N represents the number of respondents who answered survey in both 2015 and 2018. Total
N = 506.

* We applied Difference-in-difference analysis with the data 1 week before July 25" and 1 week
after July 25™ and both results show that the drought changed people’s perceptions toward that
there were more droughts.
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We form H, for history, as our historical drought indicator by using 18 years (2000-
2017) of drought data to arrive at the unconditional probability of experiencing any level of
drought at a given location on July 25" as

Years among 2000-'17 in which drought occurred on 07/25

H =Pr(Drought 07/25) = 18

(1)

Historical data, not reported due to space constraints, show that droughts are comparatively less

frequent in North Dakota.

4 Study Area, Drought History and Hypothesis Development

The study area is part of the Prairie Pothole region in the Dakotas where corn, soybeans, and
wheat are currently the dominant cropland uses. Wheat is grown throughout the area, being
most prevalent toward the north and west. Corn is dominant in the region’s southern and eastern
parts while soybean is most widely planted in the north (Alemu et al., 2020). The region’s
agriculture is susceptible to drought damage because all crops, but especially corn, require water
throughout growth in order to mature. This region has experienced significant land use changes
in the last two decades or so, as documented by several studies (e.g., Wimberly et al., 2013).
While crop prices and improved crop yields have been identified as the main drivers of the
conversion of grassland to cropland in this region, climate and weather factors have also been
proposed as an important driver (e.g., Rashford et al., 2016). Thus, understanding climate
change patterns and farmers’ perceptions of these patterns will help better design policies
intended to address grassland loss in the region.

Due to complex interactions among three air masses; Continental Polar, Maritime
Tropical, and Maritime Polar (Ahrens, 2007), this region experiences inherently high weather
variability as well as comparatively extreme precipitation and temperature events within and
between years (Conant et al., 2018). The majority of total annual precipitation occurs during
spring months (April to June) but interannual variability in springtime precipitation is large
(Knapp and Smith, 2001). A time series presentation of DI measurements broken down by
severity level but averaged over all areas in the two states is provided in Figure 3. It can be seen
that droughts are common in the region, and also that a severe drought occurred in 2012 for an
extended period of time.

Figure 4 describes the study area’s 1-year Standardized Precipitation Index (SPI; McKee
et al., 1993) by state. SPI is an index based on the distribution of precipitation over a recent time

window. It is formed from dividing the difference between precipitation and mean precipitation
10



for a specified time divided by the standard deviation, where mean and standard deviation are
determined from the climatological record. A larger value indicates a more severe condition.
Generally, 3-, 6-, 12-, 24- and 48-month time windows SPI values are used depending on
research purposes. SPI with shorter time windows describe short-term precipitation patterns and
these are appropriate precipitation indices for monsoon regions where conditions are generally
wet during a given period. Longer timescale SPI reflect long-term precipitation patterns and
tends toward zero unless there is a distinctive dry or wet trend. Also, while the USDM Drought
Index became available in 2000 SPI has been is available since 1980.

We think the one-year SPI is most appropriate for studying historical weather patterns.
A positive (respectively, negative) SPI value on a date indicates that precipitation on this date
exceeds (is less than) average precipitation over the given time scale. According to SPI
conventions, a drought occurs whenever the SPI value is below -1.0. Figure 4 illustrates
extensive historical inter-annual fluctuation in precipitation, showing that the region has been
prone to recurring droughts. In the region’s meteorological records most droughts have lasted
less than one year but every few decades prolonged drought periods (the 1930s Dust Bowl,
1955-1960, and 1988-1990) also occur (Jencso et al., 2019). In general, Northern Plains region
droughts lasting 3-5 months occur approximately once every 5 years and droughts lasting 6-8
months occur approximately once every 10 years (NIDIS/NOAA, 2018).

When we look at the historical DI, according to Eqn. (1) the average probability of
experiencing a drought on July 25™ during 2000-2017 was 0.35 across all respondents and the
average severity level on July 25™ during 2000-2017 was 0.72 with range between 0.17 and 2.
Figures 5 describes the actual drought severity on July 25" 2017 with average drought severity
on July 25" each year during 2000-2017. The drought on July 25" 2017 is presented in shaded
area and the darker shade represents more severe drought. The drought severity in 2017 was
highest in the west. The dots in gray-scale describe the average severity level during 2000-2017
and darker the dot, more severe the drought. When we compare the historical average with the
July 25" 2017 severity level the Spearman correlation coefficient is 0.229 (p=0.000), also
indicating recurring droughts in the region. Thus, our main hypothesis is that the 2017 drought

should not have been a surprise.

5 Methods

5.1 Conceptual Considerations
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The information content of the 2017 drought should of course depend very much on a location’s
drought history. In what follows we take the standard approach to understand information
updating, namely Bayesian analysis (Stone, 2013). We denote the 2017 drought event by 7,
and signify prior perceptions by Pr(M;) where r=2015 or 2018, where M, represents the survey
respondent’s subjective assessment at time ¢, that droughts are becoming more common. The
complementary expressed subjective probability, i.e., that they are not becoming more common,

is given as Pr(NM;) = 1 — Pr(M,). From Bayes’ theorem, when Pr(M,,,) represents a

respondent’s 2018 survey posterior probability then

Posterior Update given
given event I, , event I, Prior
Pr(M dr’ =Pr(M I Pr(1 =Pr(l M M Pr(M 2
1(M 5 and 1y,,) = Pr(M g 5 [ Lrg7) X Pr(y,7) = Pr(Lyg 5 | M yg,5) X X Pr(M ). (2)
Pr(M5)
so that
Pr(M o5 | 1h017) _ Pr(My4) y Pr(Zy,, |M2018)‘ 3)

Pr(M,5) - Pr(M,5) Pr(1,,,)
If the unconditional probabilities are the same, i.e., Pr(M,,,) =Pr(M,, ;) , then we may write the

equation as

Pr(M 55 | 1017) - Pr(/7,,, |M2018).
Pr(M,5) Pr(Z,,,)

4

as the relative drought-conditioned probability update regarding future droughtiness. The left-
hand side in (4) determines how the drought event shapes beliefs about climate while the right-
hand side characterizes how beliefs about climate shape drought probabilities. If the drought is

not a surprising event then Pr(M,, | L,y,,)/ Pr(M,,5) ~1 so that the extent to which
Pr(M,y5)/ Pr(M, 4 | 1,,,) 1S less than one measures surprise. Baldi and Itti (2009) use this

conditioning observation to characterize surprise (or Wow) as, in our terminology,

Pr(M | 12017)}

Pr(M ;) )

W(l,y,,,M) =—ln(

We write S, (k,D,) €[0,1] as the share of respondents in 2017 drought zone D, who take the
view in year u € {2015,2018} that drought is becoming k € K = {Less, Same, More} likely. We

follow Baldi and Itti in using the entropy form to characterize zone-specific ex-ante average

surprise as

(6)

S8k, D,
W(D,)=~- rek S5 (K, D;)In (M}

Syois(k, D)
12



where no surprise can be depicted by S,,,5(k,D,) =S,,s(k,D,) Vk € K so that W(D,)=0, the

statistic’s least value. Using our data, we test our main hypothesis that average surprise is zero.
Given that surprise is registered, alternative reasonable hypotheses are that surprise should
increase with drought severity, i.e., W(D;;1) = W(D;) Vi € {0,1,2,3}, and that the drought was
more of a surprise for North Dakota than for South Dakota.

5.2 Empirical Analysis

With the intent to further our understanding of how drought affects climate change perception,
the methods used are of two types. The first involves descriptive statistics, including
intertemporal comparisons of cumulative distributions, and comparisons among means. The
second general approach is DID analysis. This analysis allows us to measure the treatment
effect by examining differences between the average change over time for a treatment group,
who experienced the drought on July 25" 2017, and the average change over time for a control
group, who did not experienced any drought on July 25" 2017.

Two identifying assumptions should be satisfied in order to apply DID analysis (Angrist
and Pischke, 2009). The treatment should be mean-independent with respect to the error term.
In other words, there should not be any unobserved variables that affect both the farmers’
perception and the severity of the drought that a farmer experiences. Because ours is a natural
experiment and farmers had no control over which drought they experienced, this assumption is
not violated. The second assumption generally referred to as “parallel trends’, is that the
background trend over time should be the same across the treatment and control groups. A
commonly used method to verify this second assumption is visual inspection, i.e., comparing
plots for the treatment and control groups. A statistical test of the parallel trend assumption can
be made by including a time regressor in the model to control for trends (Card and Krueger,
2000; Hastings, 2004; Besley and Burgess, 2004). However, as our data consists of only two
periods we can apply neither visual inspection nor time lags to validate this assumption. We
assume that the parallel trends assumption holds. We consider this a reasonable assumption
because our treatment is randomized by nature, and so is likely exogenous to respondent’s
characteristics (Cunningham, 2021).

DID analysis allows us to measure the treatment effect by examining differences
between estimated coefficients for the treatment group and those for the control group. Our DID

model is specified as
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Perception;; = ay + ayDtime + B * Tr + y » Dtime * Tr + };; A;x; + &, (7
where Dtime (0 = pre-treatment, 1 = post-treatment) and 77 (1 = Experienced drought, 0 = Did

not experienced drought) are dummy variables and ¢,, is the error term. The variables denoted

by x; are controls such as respondent demographics. The interaction term Dtime*Tr is our
primary object of interest. The interaction term coefficient should capture changes in respondent
perceptions between surveys.

When viewed collectively, prior drought history in the region (figures 3 and 4), the 2017
drought map (Figure 5), and Spearman correlations suggest that farmers in the region are well-
accustomed to drought. For this reason, we frame our hypothesize as y = 0 because farmers
who experienced drought in 2017 should not alter their climate change perception as a result of

the drought event.

6 Results

In this section, we first examine intertemporal cumulative distributions and compare how
responses changed over the two surveys. Then we calculate how much of a surprise the drought
was to the respondents based on the Baldi and Itti (2009) entropy metric. Lastly, effects of the
drought on perceptions are estimated using DID analysis, as the entropy analysis only tells us

whether there was a significant shift in perceptions, not the direction of the shift.

6.1 Temporal Changes in Perception Responses

In this sub-section, we use intertemporal cumulative distributions to examine how the
perceptions shifted over the two surveys. Then we calculate the measure of surprise. This
analysis allows us to ascertain whether prior perceptions about weather held constant or
changed after experiencing drought.

Figure 6 shows the cumulative percentage of views expressed in 2018 conditional on
views expressed in 2015. From the graph, respondents who expressed the view in 2015 that
there were more droughts are also more likely to indicate in the 2018 survey that there were
more droughts. Similarly, respondents with the view in 2015 that there were fewer droughts are
also more likely to provide this answer in the 2018 survey. Figure 7 focuses on those who
answered that there were more droughts in 2018 and decomposes respondents by the severity of
drought incurred in 2017. The figure shows that for D1, D2, and D3 level droughts the

percentage of the respondents who held that there had been more droughts increased between
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surveys. Among those who had experienced DO level drought the percentage decreased slightly.
When we look at how individual views changed between the two surveys, see Figure 8, a
distinctive pattern emerges. Respondents who experienced the DO level drought changed their
views toward more droughtiness (from “Less” to “Same” or “More” in union with from “Same”
to “More”’) was smaller than the proportion who changed their views toward less drought (from
“More” to “Same” or “Less” in union with from “Same” to “Less”). However, for drought
levels D1, D2, and D3 the fraction shift was reversed. Noteworthy is that the difference,
‘change toward more drought’ less ‘change toward less drought’, increases with the 2017
drought severity level, being -2% for D0, 27% for D1, 30% for D2, and 54% for D3.

The shifts in perception can be measured by how surprised the respondents were when
they experienced the 2017 drought. According to Table 4, the average surprise increases with
drought severity when the respondents experienced the drought in 2017. Not experiencing any
drought was also a surprise and was more surprising than the level D2 drought. Comparing

states, the drought was more surprising in North Dakota. In short, the 2017 drought was a

surprise to the respondents and shifted drought pattern perceptions.

Table 4 Share of Drought Pattern Perception and the Measure of Surprise by Their Drought
Experience in 2017 and State

Drought experience Year LessDrought I;ztrfzn pereep ticl)\l/}ore Wow
0 0 0

Do I T
o o V]

SR - T A Y
o 0 0

momem
o 0 o

D: ois | e e ae | O

State Year Less Same More Wow

North Dakota ;812 421(1)22 2222 ;igﬁ; 0.15

2015 25% 50% 25%
South Dakota 2018 190/: 42(;; 39(;; 0.05
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6.2 Effect of the Drought on the Farmer’s Perception

Table 5 provides the DID estimates. The dependent variable is a perception about drought, and
treatment is whether the respondents experienced any level of drought in 2017. Respondents
who experienced no drought are considered to be untreated. Control variables include farmer
demographics, farm characteristics, and the probability of drought. The coefficient for the
interaction term Dtime*Tr, generated by multiplying the drought experience and time dummy
variables, is 0.530 and is statistically significant (p=0.000). It is larger than zero, indicating that
the 2017 drought shifted perceptions toward there being more droughts. This is a large shift as

the perception index has range [1, 3].

Table 5 DID Analysis on the Perception of Drought Pattern

Variable (nggﬁéﬁgt
Dtime (=1 if after 2017 drought) (60.6%75 3)
Tr (=1 if experienced drought) (2)00%711)
Dtime*Tr 0(. 33100*;;
Birth year 0((())%90*;;
Education (88;;1;
Income -0((())6001*9*;
Ownership 0((())5022*0*;
Crop ratio (601%21 ?i
Probability of drought 0(3(;653)
o 0002)
o 0001
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0.007

Drainage (0.064)
) 0.051
No-till (0.049)
-17.079™

Constant (4.907)

* Kk Kk

, , indicates significance at 10%, 5%, 1% levels, respectively.

7 Assessment and concluding remarks

Figures 3 and 4 show that the 2017 drought was less severe than the one that occurred three
years before the first survey. The 2017 drought lasted for three months and only the one-year
SPI for the north central region in South Dakota went below -1. By contrast, the 2012 drought
lasted for a year and was much more severe than the 2017 drought. Between 1980 and 2017,
SPI fell to -1 or lower on more than 10 occasions. These past events show that the 2017 drought
should not have been a surprisingly severe event for farmers in the area. Yet respondents were
surprised.

A single survey comparison cannot allow for distinctions to be made between a shift in
opinions that is fundamentally unstable and one that, although perhaps similar to prior shifts,
turns out to be permanent. An approach other than ours, probably using regular polling, would
be needed to better understand opinion stability. In any case, surveys alone will not convey how
and why opinions harden. Information is likely not the only, or even dominant, factor in
determining viewpoints because a taste for conformity arising from fear or to gain acceptance or
to internalize dissonant pressures (Kelman, 1958) may also matter as may the tangibility of the
weather event at issue (Asch, 1951).

A matter that remains unclear is whether the sensitivity of climate change perceptions to
weather events can facilitate the management of climate change, including consent to policy
adjustments. For better or worse, public and private responses that are conditioned on weather
events will generate a more receptive citizenry so long as policies are put into effect quickly.
However, those that take longer to implement or modify may miss the moment. The wisdom of

policy enactment based on ephemeral, although genuine, support is another matter.
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Figure 1 Useable Responses by County Level, 2018 Survey

Canada

Montana

Wyoming

L

BlOSauuIA

1| 4 8 | 14|13
TH 10 | 7 |8 \ 2 I 13 | 25 Siqux Falls
L ! w Iowa
Nebraska
Figure 2 Natural Experiment Timeline
First Second
Survey Drought Survey
| | | | | |
| | | | | |
Mar. May. May. Jul. Jan. Apr.
2015 2015 2017 2017 2018 2018



Figure 3 North and South Dakota Cumulative Percent Area in USDM Categories (%)
(Source : US Drought Monitor)
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Figure 5 Average Severity of Drought and Severity of Drought on July 25th 2017 as Measured
by the SPI Index

(Darker dot shades depict more severe average drought level while darker red area represents
more severe drought on July 25" 2017)

Figure 6 Cumulative percentage of views in 2018 by views in 2015
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Figure 7 Percentage of 2018 survey respondents who answered that there were more droughts
than in the past, compared with responses that these respondents gave in 2015, broken down
by 2017 drought severity level
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Table 1 Variable Descriptions and Summary Statistics

Mean

Variable Description (Std. Dev.) Min Max
Drought pattern perception in 2015. 1.89
drouls Less drought (=1); Same (=2); More drought (© 7 0) 1 3
(=3) compared to the past 10 years. '
Drought pattern perception in 2018. 216
droul8 Less drought (=1); Same (=2); More drought (© 7 4) 1 3
(=3) compared to the past 10 years. '
Birth year  Birth year (919963(; 1929 1992
Highest education level completed. Less than
. high school (1); high school (2); some 3.04
Education co%lege/technical school (3); 4-year college (0.84) ! >
degree (4); Advanced degree (5)
Level of annual gross farm/ranch sales: <§50K
Earn (1); $50K-$99.9K (2); $100K-$249.9K (3); 3.91 1 6
$250K-$499.9K (4); $500K-$999.9K (5); $1 (1.31)
million+ (6)
Land ownership status. Own all acres farmed
(1); own most acres farmed and rent the
. remainder (2); own and rent roughly equal 2.79
Ownership number of farmland acres (3); rent most acres (1.16) ! >
farmed and own the remainder (4); rent all acres
farmed (5)
No-till =1 if adopted or increased use of no-till between 0.51 0 1
2005 and 2015; = 0 otherwise. (0.50)
Drainage =1 if adopted or increased drainage on cropland 0.23 0 1
acres between 2005 and 2015; = 0 otherwise. (0.42)
Percentage of soils with Land Capability 95.41
LCC4 Classification (LCC) less than or equal to IV ) 0.02 100
oy . ) (11.44)
within 1 mile radius
Percentage of soils with slope less than or equal 48.52
Slope to 4 within | mile radius, ) (36.73) 0 100
Latitude Latitude of respondent’s location {4153219) 4291 47.83
Longitude  Longitude of respondent’s location -98.00 R _
(1.07) 100.78 96.47




Table 2 2015 Summary Statistics for Survey #1 Responses, broken down by those who
answered both surveys and those who answered only Survey #1

Repeated, Non-repeated,

(Answered both surveys) (i.e., answered Survey #1 only)

Mean Std. Dev. Mean Std. Dev.
Drought™* 1.89 0.70 2.27 1.15
Drought Severity 1.07 0.91 1.14 0.95
Age 3.03 0.85 2.98 0.94
Education 3.04 0.84 2.99 0.88
Annual income 3.91 1.31 3.82 1.39
Farm ownership™* 2.79 1.16 2.96 1.23
LCC4 95.41 11.44 95.98 10.44
Slope 48.52 36.73 49.18 3841
Drainage 0.23 0.42 0.21 0.41
No-till 0.51 0.50 0.51 0.50

* k% kkk

, , indicates mean difference is significant at 10%, 5%, 1% levels, respectively.

Table 3 Description of Drought Monitor Index

Drought

Category Description of the Category (U.S. Drought Monitor, 2012) NP

None - 13
Abnormally dry: when going into drought, short-term dryness slows growth

DO of crops/pastures and when going out of drought, there are some lingering 150
water deficits.

D1 Moderate drought: some damage to crop/pastures, some developing water 196
shortages.

D2 Severe drought: crop/pasture losses are likely, water shortages are common. 108

D3 Extreme drought: major crop/pasture losses, widespread water shortages. 39

D4 Exceptional drought: are exceptional and widespread crop/pasture losses 0

and shortages of water creating water emergencies.

1) N represents the number of respondents who answered survey in both 2015 and 2018. Total

N = 506.



Table 4 Share of Drought Pattern Perception and the Measure of Surprise by Their Drought
Experience in 2017 and State

Drought experience Year LeSSDFOUght ge;ttr;;n Percepti(;\ljlore i
No drought ;8 ig ;222 :Z ij 3960;? 0.30
Do
0 0 0
b1 os | we w w018
0 0 0
02 os | e awe a1
0 0 0
b: o | e e s | O
State Year Less Same More Wow
North Dakota ig i 2 ‘2“1)22 jg:ﬁ: ;Z:ZZ‘: 0.15
2015 25% 50% 25%
South Dakota 2018 19%(: 42%‘: 39%‘: 0.05
Table 5 DID Analysis on the Perception of Drought Pattern
Variable ((jé’f;ﬁ]gf;t
Dtime (=1 if after 2017 drought) (600%75:;
Tr (=1 if experienced drought) (600%711)
Dtime*Tr O(. 331%*1*;
Birth year 0((())%90*;;
Education 0.054"

(0.028)



Income

Ownership

Crop ratio

Probability of drought

LCC4

Slope

Drainage

No-till

Constant

R

-0.060
(0.019)

0.052"*"
(0.020)

-0.028
(0.101)

0.906"*
(0.253)

0.003"
(0.002)

0.001
(0.001)

0.007
(0.064)

0.051
(0.049)

-17.079"*
(4.907)

* Kk Kk

, , indicates significance at 10%, 5%, 1% levels, respectively.
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