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Summary 

The state of the future world is uncertain. Will it rain tomorrow? Will Donald Trump 

still be president in 2019? Will the world’s average temperature rise by more than 2 ºC? 

These questions can only be answered probabilistically, at best. The likelihood of rain may be 

estimated to be 50%, or somewhere between 40% and 60%. The aim of the present thesis is 

to investigate how laypeople perceive such uncertain predictions, especially in the climate 

domain. Two types of probabilistic forecasts are studied: First, how do people perceive 

revised forecasts, such as when an event goes from being 50% likely to 60% likely to occur? 

Second, how do people perceive single-bound probability estimates, such as if the chance of 

an outcome is said to be “more than 40%”? We are particularly interested in the dynamic 

implications of these forecasts: In other words, which information do the forecasts, perhaps 

unintended by the communicator, carry about past and future development of the uncertainty. 

Paper I: The aim of Paper I was to explore how people perceive revised forecasts. 

We investigated what people thought would happen when a forecast had become more 

certain or more uncertain: What would a future forecast say about the same topic? In five 

experiments, people read probabilistic forecasts about various natural events, for which 

chances had increased (e.g., from 50% to 60%) or decreased (e.g., from 70% to 60%). 

Displaying a trend effect, a majority of participants expected a revised forecast to be further 

revised in the same direction in the future. Two prognoses were thus enough to form a trend 

which was projected into the future. The effect persisted when the forecast was produced by a 

computer rather than a human forecaster, for categorically expressed risks, in joint and 

separate evaluation formats, and for revised forecasted quantities. Forecast receivers are 

therefore far from conservative in their expectations about what is to come, but seem to know 

more about the future than the forecasters themselves. 

Paper II: The aim of Paper II was to get a better understanding of the trend effect, by 

studying its boundary conditions and implications. Participants received in four experiments 

revised probabilistic forecasts similar to the ones in Paper I. We tested whether trend 

continuation remained the dominant strategy when 1) participants processed the forecasts 

more thoroughly by considering reasons for the revision, 2) the deviant forecasts came from 

separate experts, and 3) an even earlier forecast was provided (e.g., T1: 50%, T2: 60%, T3: 

50%). Participants were also asked to evaluate the forecaster, rate the agreement between two 

experts who have revised their forecasts in opposite directions, and judge the post hoc 

accuracy of the forecast if the event took place. Overall, results suggested that the trend effect 

is robust, as it persisted after more deliberate reasoning, and when forecasts were produced 
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by different experts. However, the effect disappeared when an even earlier forecast disrupted 

the linear “trend”, suggesting that a “clear story” of only two forecasts may be a necessary 

precondition. Suggesting important implications of the effect, probability revisions affected 

perceived accuracy of the forecast as well as perceived agreement between forecasters. 

Paper III: The aim of Paper III was to investigate listeners’ perception of another 

aspect of uncertainty in forecasts than changes over time: Namely, that an exact probability 

may not be known. Rather, a forecaster may estimate chances to be “between X and Y%”. 

This interval may be communicated as a single-bound probability estimate, emphasizing 

either the lower bound (e.g., “more than X% chance”) or the upper bound (e.g., “less than 

Y% chance”) of the probability range. Previous research has found that single-bound 

intervals for approximate quantities have pragmatic implications (Teigen, 2008; Teigen, 

Halberg, & Fostervold, 2007). In addition to expressing a numerical value, phrases like “the 

product costs more than $50” give listeners information about trends and the speaker’s 

recommendations and direct attention (Teigen, 2008). We expected single-bound probability 

estimates to direct attention and suggest trends in a similar way. Three studies generally 

supported these hypotheses. Participants read probabilistic forecasts for climate-related 

events expressed with either upper bounds or lower bounds, and suggested reasons for the 

statements. The different phrases led participants’ attention in opposite directions. “More 

than” statements made them mainly think of the possible occurrence of the outcomes, while 

“less than” statements guided attention to the possibility of non-occurrence. Trends were also 

implied by the statements. The speaker’s assumed beliefs depended not only on numerical 

probability level but also on frame, with more than and almost statements suggesting a 

stronger expectation that the event would occur than warranted by the probability magnitude. 

Although results were more mixed with regards to beliefs about past and future probability 

levels, there was some evidence that lower boundary was associated with chances that had 

been lower and would become higher, while upper boundary suggested decreasing 

probabilities. In sum, the studies suggest that single-bound probability statements have 

surplus meanings over and above the probabilities they convey. While Paper I and II indicate 

that two forecasts can be enough to form a perceived trend, Paper III shows that in certain 

cases, even a single forecast may suffice. 

The results of this thesis have important implications for communicating forecasts and 

risks that are expressed probabilistically, in areas like climate science, medicine, weather 

forecasting and intelligence analysis. Communicators should be aware that receivers may 

read more into their forecast than they may intend. 
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Introduction 

Whether you consider your personal health, your country’s economy or the world’s 

climate, the future involves uncertainties. According to the Intergovernmental Panel on 

Climate Change (IPCC) it is more than 95% likely that the climate changes observed since 

the mid-20th century are mainly caused by human emissions of greenhouse gases, and more 

than 90% likely that we in the future will experience longer-lasting and more frequent 

heatwaves, more intense and frequent precipitation and a higher sea level (IPCC, 2014a). 

However, the scale and impacts of future climate change are more uncertain. Will 

temperatures rise by more than 2 °C? How many people will lose their homes to the rising 

ocean? What will happen to the grain productivity in Norway? The details of the future 

climate cannot be forecasted with precision due to our imperfect understanding of the climate 

system, its chaotic nature, and because the climate to come highly depends on the amount of 

greenhouse gases we emit in the atmosphere now and in the future (Climate-ADAPT, 2018).  

At the same time, mitigating climate change and adapting to an already changing 

climate requires immediate action. Individuals and society therefore need to make potentially 

costly decisions with long-term consequences based on imperfect knowledge. Central to these 

decisions is communication of uncertainty. Decision makers need to know what they can 

expect, and the associated uncertainty. Communicating uncertainty is not a straightforward 

task, as demonstrated by a large body of research. The public dislikes uncertainty (Camerer & 

Weber, 1992; Keren & Gerritsen, 1999), and associates the word uncertainty with something 

weak, passive and negative (Teigen, 1996). Scientists, on their side, may be so used to 

dealing with uncertain information that they struggle with communicating with people 

outside their field, like lay-people and policy makers (Pidgeon & Fischhoff, 2011). Uncertain 

information can be difficult to understand––particularly probabilistic information, which even 

experts such as medical doctors find problematic (Gigerenzer & Hoffrage, 1995; Reyna, 

Nelson, Han, & Dieckmann, 2009). Moreover, the way uncertain information is interpreted 

and influences decisions can be affected by subtle changes in the communicative situation, 

such as the communicator’s choice of words (Honda & Yamagishi, 2017; Teigen & Brun, 

1995) and numbers (Marteau, 1989; Wilson, Kaplan, & Schneiderman, 1987). Inadequate 

uncertainty communication can create a false assurance and hinder preventive action (Brezis, 

2011; Sirota & Juanchich, 2012a), and reduce trust in the communicator (LeClerc & Joslyn, 

2015). Scientific uncertainty can make people dismiss information (Moser & Dilling, 2004; 

Rabinovich & Morton, 2012) and perceive the source as incompetent (Johnson & Slovic, 
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1995), and uncertainty is often stressed strategically in public debates to stop or delay action 

on contested issues such as climate change (Freudenburg, Gramling, & Davidson, 2008; 

Oreskes & Conway, 2011). Such a motivated use of uncertainty to spread doubt about the 

occurrence of climate change is dangerous and not justifiable, as greater uncertainty can 

actually mean greater expected damages from unmitigated climate change, and greater need 

for protective measures (Lewandowsky, Risbey, Smithson, Newell, & Hunter, 2014). As this 

short review has shown, knowing how the public responds to different ways of 

communicating uncertainty is essential for effective communication of scientific findings and 

their inevitable uncertainty. Experts in risk communication have called upon a more 

evidence-based communication of risk and uncertainty (Fischhoff, 2011; Sirota & Juanchich, 

2012a).  

This thesis explores how laypeople perceive two possible manifestations of 

uncertainty in climate-related forecasts. First, new information may make a forecasted event 

more certain or more uncertain, or shift a forecasted quantity up or down. For instance, the 

likelihood of a flood may increase from 50% to 60% chance. Paper I and II explore the 

effects of such revisions on listeners’ expectations about future developments of the 

forecasts, and on inferences about the forecaster. The results show that the direction in which 

a forecast has changed shapes expectations about future forecasts and judgments about the 

forecaster. Specifically, people expect changes to continue in the same direction in the future, 

suggesting that changes imply a trend. In other words, revisions have dynamic implications. 

Second, probabilities may come as an approximate rather than exact number, because 

a single-point probability is not known or the communicator choses to communicate a less 

precise probability. For instance, keeping the world’s average temperature increase below     

3 °C could be between 30% and 60% likely. This range can be expressed in a single-bound 

probability interval, emphasizing either the lower bound (“more than 30% chance”) or the 

upper bound (“less than 60% chance”). In Paper III, we explore how forecast receivers 

interpret single-bound probability intervals, and how they judge the producer of the forecast. 

The results indicate that also single-bound probability estimates have dynamic implications, 

conveying both trends and an attentional focus to receivers.  

The following section starts by explaining the terms risk, uncertainty and probability, 

and gives a brief overview of the reasons for uncertainty in climate science. Various ways of 

communicating uncertainty to the public, and some challenges with communicating 

numerical probabilities are then described. Subsequently, I review framing effects for 

numerical probabilities, single-bound estimates and verbal probabilities. The next section 
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considers how people perceive changes and trends, and the role of individual beliefs on 

interpretation of uncertain statements about the climate. After the three empirical papers are 

summarized, the general discussion will discuss possible explanations, implications and 

future directions of the present work. 

Risk, Uncertainty and Probability 

The topic of the present thesis is how laypeople understand statements about risk and 

uncertainty expressed in probabilistic forecasts. Depending on whom you ask, the terms risk 

and uncertainty can have multiple meanings. Within economics and social sciences, the 

classical Knightian distinction is often used (Spiegelhalter, 2017), distinguishing two levels 

of ignorance about the future: risk, for which probabilities are known or can be estimated, 

and uncertainty, for which probabilities are unknown and unmeasurable (Knight, 1921). 

However, for many scientists, uncertainty is anything that is not certain, only varying in the 

degree to which it can be quantified (Spiegelhalter, 2017). Risk is sometimes defined simply 

as the likelihood of an (usually adverse) outcome, and sometimes as a synonym to hazard, 

which is anything that can cause harm (Breakwell, 2014). Usually, however, risk is 

understood as a function of the probability of an adverse outcome and the magnitude of the 

consequences (Spiegelhalter, 2017). In the present dissertation, the term uncertainty is used 

about quantifiable as well as non-quantifiable ignorance about the future. Risk will refer to 

the standard definition of probability times consequence, or sometimes simply 

“something that creates or suggests a hazard” (risk, n.d.). 

How are risks and uncertainty related to climate science? Politicians, scientists and 

policy makers are increasingly using a risk language to talk about climate change (IPCC, 

2014b; Painter, 2013, 2015). For instance, the Fifth Assessment Report from the IPCC states 

that “climate change poses risks for human and natural systems” (IPCC, 2014b, p. 3), 

implying that climate change has potentially hazardous outcomes, although their probabilities 

may not be well founded. Despite this emerging risk framing, it is argued that the long-term 

future of climate change is a prime example of Knightian uncertainty, because of the many 

possible future worlds and no known relative probabilities (Hallegatte, Shah, Brown, 

Lempert, & Gill, 2012; Henry, 2006), Although there are ways of quantifying uncertainty and 

assigning probabilities to future climate outcomes (see e.g., Sévellec & Drijfhout, 2018), 

these probability distributions are based on scientists’ informed guesses and are therefore 

highly subjective (Hallegatte et al., 2012; Webster, 2003). It is controversial whether 

probabilities can be used as a quantitative measure of subjective probability at all 
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(Spiegelhalter & Riesch, 2011), and whether they should be used about climate projections is 

debated (see Dessai & Hulme, 2004; Schneider, 2002). Nevertheless, this is common 

practice. Thorough the IPCC’s assessment reports, past and future outcomes are often 

assigned probabilities, expressed with verbal terms corresponding to a defined probability 

level (IPCC, 2014a).   

The debate about quantifying the probability of future climate outcomes is related to 

the debate about how probabilities should be interpreted. Since probability theory emerged in 

the 17th century, there has been a philosophical distinction between two main dimensions of 

probability (Hacking, 2006). Physical (objective) probabilities are associated with random 

physical systems, where a given event will occur at a stable rate over a long run of trials. 

Physical probabilities describe this relative frequency (Breakwell, 2014). For instance, when 

you flip a coin, heads will in the long run show up at a frequency of 50% of the times. This 

probability type is associated with aleatory uncertainty, which is the inevitable 

unpredictability of the future due to the complexity and randomness of the world. When a fair 

coin is flipped we cannot know the outcome, even if we know the relative frequency over 

time (Spiegelhalter & Riesch, 2011). 

Evidential (subjective) probabilities, on the other hand, are a way to represent 

subjective plausibility, or the extent to which available evidence supports a statement. They 

can be assigned to any statement, even in absence of a random process (Breakwell, 2014). 

The statement “I am 90% certain that this cake contains coconut”, reflects the speaker’s 

strength of belief. It is associated with epistemic uncertainty, which is caused by a partial lack 

of knowledge. When a flipped coin is covered, we do not know the outcome, although it can 

be known. More information can remove or reduce this uncertainty (Spiegelhalter & Riesch, 

2011). Thus, probabilities can be interpreted both as describing the physical tendency of an 

event to occur, and how strongly someone believes it will occur. These two views are also 

called the frequentist and Bayesian interpretations of probability (Bayarri & Berger, 2004).  

The same duality of probability is reflected in how humans locate uncertainty.  

Kahneman and Tversky (1982) propose that people attribute uncertainty either to the external 

world, corresponding to physical probabilities, or to our state of knowledge, corresponding to 

evidential probabilities. They further distinguish between two external variants of 

uncertainty, according to whether probabilities are based on frequencies, in a distributive 

mode, or propensity information, in a singular mode. When frequencies are considered, the 

case at hand is seen as an instance of a class of similar events, where frequencies are known 

or can be known. When propensities are considered, uncertainty is rather assessed by the 
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causal tendency, or inclination, of the case at hand to yield an outcome of a certain kind. Such 

probability can therefore be assigned without knowing the frequencies, similarly to evidential 

probabilities. The difference is that while evidential probabilities are located internally, the 

propensity variant is located externally, and reflects the generating conditions of a situation to 

create a particular outcome (Popper, 1959). For instance, one can inspect a coin and predict it 

to have a 50% chance of landing heads up based on its physical characteristics, without 

knowing the frequency of previous throws. It is debated whether people in their daily life 

assess probabilities based on frequentists, in a distributional way (Cosmides & Tooby, 1996; 

Gigerenzer & Hoffrage, 1995), or rather on propensities, in a singular way (Kahneman & 

Tversky, 1982; Keren & Teigen, 2001; Teigen, Juanchich, & Riege, 2013). 

Uncertainty in Climate Projections 

Why is the Future Climate Uncertain? 

The future climate depends on factors like how much greenhouse gas is emitted into 

the atmosphere and how the climate system responds. These conditions may never before 

have been present in earth’s history, so predictions of climate change cannot simply be based 

on observations of the past climate according to a frequentistic logic. To estimate what the 

future may look like, climate scientists run climate models that are based on the present 

understanding of how the climate system works, and run multiple simulations of these to 

generate a frequency distribution of possible scenarios. In a two-step procedure, they first 

estimate the future emissions of CO2 and other greenhouse gases. Second, they put these 

estimates into the models to project future change in CO2, temperature, precipitation, sea 

level, sea ice and other variables, based on both the emission input and knowledge about 

relevant physics, chemistry, biology and geography (Nordhaus, 2013). Predicting climate 

change, thus, involves both aleatory uncertainty and epistemic uncertainty, in addition to 

uncertainty about what humans will do to mitigate (or intensify) climate change.  

First, we cannot know the future climate because the climate system is chaotic and 

highly complex, and its interaction with biological and human systems increases complexity. 

Small changes in present conditions can therefore have major consequences on future 

outcomes (Patt & Dessai, 2005). This corresponds to aleatory uncertainty, and can be 

quantified by running prediction models multiple times with slightly different initial 

conditions, corresponding to the likely range of measurement error (Climate-ADAPT, 2018). 
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Second, we do not know the future climate because scientists have incomplete 

knowledge about the climate system and how nature and society will respond to changes. 

This epistemic uncertainty is sometimes referred to as model uncertainty in the climate 

context, because the question is how processes should be represented in models. Because 

climate models may represent processes in different ways, they may yield different outcomes 

even for identical input (Climate-ADAPT, 2018). More research can decrease this uncertainty 

by improving models, but may also uncover additional uncertainty (Oppenheimer, 2005).  

A third source of uncertainty is human reflexive uncertainty, reflecting that humans 

are both a part of the problem and the solution to climate change (Patt & Dessai, 2005). 

Future emissions of greenhouse gases, the input in the climate models, is unknown, and 

highly dependent upon political decisions as well as technological development (Climate-

ADAPT, 2018). Sometimes called policy uncertainty or emission uncertainty (Hallegatte et 

al., 2012), IPCC’s Fifth Assessment Report represents it by describing four “possible futures” 

or pathways for climate impacts, each associated with different levels of emissions, 

atmospheric concentrations, and land use. For instance, while the likely temperature rises by 

year 2100 are 0.3–1.7 °C for the low-emissions pathway, they are 2.6–4.8 °C for the 

“worst-case” scenario, which assumes that emissions continue to rise through the 21st 

century (IPCC, 2014a). In sum, while some of the uncertainty in climate modeling can be 

reduced with increased understanding, some will always remain.  

Forecasts, Predictions and Projections 

Estimates about the future can come as forecasts, predictions or projections. In the 

short-term future (days to a decade away), events can be predicted with forecasts or 

predictions, which come with a sense of certainty (Bray & von Storch, 2009). For instance, a 

research institute can predict a 45% likelihood that an El Niño event will develop within the 

next months (IRI, 2018). For events in the long-term future (decades and centuries away), 

climate scientists produce projections (IPCC, 2013). Projections are not likely estimates of 

what will happen, but “if-then” statements, which states what event will occur given a set of 

plausible, but not necessarily probable, input events (Nordhaus, 2013). Thus, while 

predictions describe probable developments, projections describe possible developments 

(Bray & von Storch, 2009). Despite the lack of predictions by the IPCC (Trenberth, 2007), 

the terms predictions and projections are sometimes used interchangeably, even by climate 

scientists (Bray & von Storch, 2009). The terms are therefore sometimes used 

interchangeably with each other and with the term forecast also in the present thesis.  
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Conceptual and Empirical Background 

Communicating Uncertainty 

Degree of uncertainty associated with an outcome can be conveyed by numbers, 

words, graphs, or a combination of these. When numerical probabilities are used, a forecast is 

assigned a number between 0 and 1 (or between 0% and 100%), where 0 means that the event 

will definitely not occur, while 1 means it will definitely occur. Instead of giving a precise 

probability estimate, a communicator can select to state a range of probabilities, for instance 

saying that the event has a probability of between 10% and 30% of occurring. This range can 

also be framed with a single bound, either the lower (“more than 10% likely”) or the upper 

(“less than 30% likely”) bound, in what we refer to as a single-bound probability estimate. 

Uncertainty can also be expressed through the precision of the forecast. A 

communicator can state a range of possible outcomes. For instance, a report suggests that the 

sea level will rise between 0.3 and 2.5 meters during the 21st century (Sweet et al., 2017). 

Interval not only suggest possible values, but also the amount of uncertainty: The wider the 

interval, the more uncertainty (although many people interpret interval width in the opposite 

way, see Løhre & Teigen, 2017). A range can be accompanied with probabilities to form an 

uncertainty interval, indicating that it includes the observed outcome with a specified 

probability (e.g., 95%). Single-bound estimates can be used also for forecasted quantities, for 

instance can the possible sea level rise be framed as “over 0.3 m” or “under 2.5 m”. 

In daily communication, uncertainty is commonly expressed with verbal probabilities, 

which are verbal phrases conveying likelihood: “Tomorrow will probably be sunny”, “I am 

almost certain that I will come to your party”. Numerical expressions of uncertainty are also 

usually combined with some verbal expression, as in “it is possible that the sea level will rise 

by 2.5 meters”. Such terms are not exclusive to informal speech, but are frequently used also 

by professionals (Ho, Budescu, Dhami, & Mandel, 2015). IPCC’s assessment reports 

describe the likelihood of key findings using seven verbal probability terms ranging from 

exceptionally unlikely to virtually certain, reflecting specified probability ranges (e.g., 

virtually certain corresponds to a 99–100% probability) (IPCC, 2014a).  

A body of research has studied how communication format affects receivers’ 

judgments of risk and uncertainty, decision-making and judgments about the expert. 

Importantly, what speakers say often has meanings beyond the literal content. For example, if 

a speaker says that a draught is unlikely, listeners may draw conclusions not only about the 

probability of the target event, but also about the speaker’s communicative intentions: 
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whether she encourages or discourages adaptation measures (Teigen & Brun, 1999), and 

about the previous probability (Juanchich, Teigen, & Villejoubert, 2010).  

The present work deals with how uncertainty statements affect perceptions of 

uncertainty level and judgments about the communicator, but also their pragmatic 

implications are explored. Although numerical probabilities are the main topic, all three 

communication formats (numerical probabilities, intervals and verbal probabilities) will be 

touched upon. The following section therefore starts with an overview of how numerical 

probabilities are understood, and some ways in which they can be flexibly interpreted. 

Pragmatic aspects of single-bound intervals and verbal probabilities are then reviewed.  

Numerical Probabilities Can Be (Mis)interpreted 

Straightforward and unambiguous as they may seem, with their 0–1 format, 

probabilities are subject to a range of interpretations and context effects. A large 

psychological literature has demonstrated systematic deficits in how people make decisions 

based on probabilities, compared with normative models of rational choice (Tversky & 

Kahneman, 1974). Of special relevance to the present work, are studies investigating how 

people interpret probabilistic forecasts.  

What does a “30% chance of rain tomorrow” mean? People in five different cities 

were asked whether it means it will rain in “30% of the region”, “30% of the time”, or on 

“30% of days like tomorrow” (correct answer). A majority preferred the time interpretation, 

followed by the region interpretation, among people asked in European cities. The correct 

interpretation dominated only among people surveyed in New York. Single-event 

probabilities can therefore be misleading by not specifying the class of events to which they 

refer (Gigerenzer, Hertwig, Van Den Broek, Fasolo, & Katsikopoulos, 2005).  

However, a 30% chance of rain in Madrid should mean the same as a 30% chance of 

rain in London, right? According to studies by Windschitl and Weber (1999), people would 

be more certain of rain in London. They showed that probabilities were interpreted flexibly 

depending on context, and were judged as indicating higher certainty (measured on a verbal 

scale) when they described events that were highly representative of the specified context. 

For instance, a 30% probability of contracting malaria was thought to indicate higher 

certainty if associated with a trip to Calcutta than a trip to Honolulu, presumably because 

catching malaria is seen as more typical in the former destination.  

A coherent story may also affect perceived probability magnitude. People’s likelihood 

estimate of a possible terror attack in the US was positively correlated not only with a stated 
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probability, but also with the perceived credibility and coherence of narrative evidence that 

was provided (Dieckmann, Mauro, & Slovic, 2010). Even the personality of the speaker may 

affect probability judgments. A speaker describing the likelihood of a negative outcome (e.g., 

that your stocks will lose their value) was believed to have a higher probability in mind if he 

was described as being tactful rather than blunt (Sirota & Juanchich, 2012b). Thus, even 

precise numerical probabilities may be translated into different expectations based on context 

and prior expectations.  

Moreover, the probability scale is not always used as normatively prescribed. A “50% 

chance” is sometimes used in the sense of “fifty-fifty”, meaning “I don’t know”, rather than 

as a precise numerical probability (Fischhoff & Bruine de Bruin, 1999). And while a 50% 

chance of rain implies there is also a 50% chance that it will not rain, people often violate this 

additivity principle. When people are asked to estimate the probabilities for a number of 

exclusive and exhaustive outcomes (e.g., four murder suspects’ respective chances of being 

guilty), their probabilities tend to add up to more than 100% (e.g., Riege & Teigen, 2013; 

Robinson & Hastie, 1985). 

When people make decisions based on probability information, probabilities are 

sometimes completely neglected; especially when consequences are emotionally powerful 

(Sunstein, 2002). For instance, the amount of money people is willing to pay to avoid an 

electrical shock is almost unaffected by its likelihood. People were willing to pay $7 to avoid 

a 1% chance, and $10 to avoid a 99% chance of an electrical shock (Rottenstreich & Hsee, 

2001). Such insensitivity to probability magnitude has been explained by the low evaluability 

(Hsee & Zhang, 2010) of probabilities, particularly small ones (Kunreuther, Novemsky, & 

Kahneman, 2001). That is, probabilities may not be meaningful on their own, but may need 

to be combined with reference information (e.g., expected level or relevant comparisons) to 

become meaningful (Kunreuther et al., 2001).  

In sum, single probabilities may be difficult for people to evaluate, and context 

information may change the way they are interpreted. This dissertation tests whether 

interpretation is affected by another context factor, namely the existence of earlier 

probabilities. We also explore the role of communication format, namely of expressing 

probabilities by single-bound probability intervals. This can be considered a type of framing, 

which is reviewed in the next section. 
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Half-Full or Half-Empty: Framing 

Probabilities are ambiguous in conveying two stories at the same time. Except from 0 

and 1, all probabilities imply that an event can or cannot happen. Even a 90% chance of rain 

leaves a 10% chance that your umbrella will be unnecessary. Framing effects are born by this 

duality, and occur when complementary ways of presenting the same quantitative information 

cause different responses (Teigen, 2015). In a landmark study by Tversky and Kahneman 

(1981) research participants were told about an upcoming outbreak of an Asian disease 

expected to kill 600 people. Two programs are proposed to combat the disease. Given the 

choice between adopting Program A that will save 200 people, or Program B for which there 

is a one third chance that 600 people will be saved and a two thirds chance that no one will be 

saved, a majority preferred Program A. However, preferences switched when the same 

programs were described in terms of lives lost. When selecting between Program A (400 die), 

and Program B (one third chance that nobody will die, two thirds chance that 600 will die), a 

majority preferred Program B. Thus, the risky option was favored in the loss frame, while the 

safe option was more popular in the gain frame. 

Framing has become a term applied to a variety of phenomena, also those not related 

to risky choice (Levin, Schneider, & Gaeth, 1998; Teigen, 2015). Levin et al. (1998) 

distinguishes between three types of frames. Risky-choice framing is illustrated by the Asian 

disease problem, and involves framing a set of options with different risk levels. Goal 

framing effects arise when different descriptions of the consequences of a behavior affect the 

persuasiveness of the communication, and do, thus, not involve framing of numbers. Attribute 

framing effects happen when alternate descriptions of the characteristics of objects or events 

affect how they are evaluated, as when beef is rated as better tasting and less greasy when 

described as “75% lean” rather than “25% fat” (Levin & Gaeth, 1988). Framing an uncertain 

event as “more than 30% likely” or “less than 50% likely” may correspondingly be 

considered an instance of attribute framing, if both frames refer to a probability range of 30–

50%. Taken literally, the two statements are not formally equivalent, as “more than 30%” 

could include values above 50%. Yet it appears that most people think both statements reflect 

values around 40% (see Paper III) but with a different pragmatic message.  

It has been suggested that attribute framing effects occur because frames give implicit 

information about the speaker’s reference point. According to McKenzie and Nelson’s (2003) 

reference point hypothesis, speakers tend to choose the frame that describes what has 

increased relative to a reference point (e.g., a previous value, the norm, the expected value). 

For instance, talking about a “half-full” rather than a “half-empty” glass is not an arbitrary 



 11 

choice. In one study did 88% of participants refer to a cup as “half-full” if it went from being 

empty to being filled up, while far fewer (31%) preferred this frame when the cup had been 

full and then emptied. Mirroring these results, people presented with the frames made 

accurate inferences about reference points, and were more likely to assume that a cup used to 

be full if described as “half-full” rather than “half-empty” (McKenzie & Nelson, 2003).  

Other research has also demonstrated that listeners draw inferences about speakers’ 

reference points from their frame selection. A project was believed to be behind schedule 

when framed in terms of time spent rather than time left (Teigen & Karevold, 2005), and a 

basketball player was assumed to be above average when his performance was described in 

proportion of shots “made” rather than “missed” (Leong, McKenzie, Sher, & Müller-Trede, 

2017).  

Frame choices are also taken to reveal information about the speaker’s attitudes, 

preferences and communicative intentions (Teigen, 2015). A speaker using a positive frame 

to present options in a financial version of the Asian Disease options was assumed to be in 

favor of the safe option, while use of the negative frame suggested a preference for the risky 

option (Teigen & Nikolaisen, 2009). In a study by Karevold and Teigen (2010), people 

thought managers who described a project’s progress in terms of the percentage already done 

(work done, time used, budged spent) preferred to continue investments in the project. 

Statements focusing on the work left were taken to reveal that the speaker wanted to 

discontinue the project. Thus, frames do not only affect listeners’ ratings and preferences 

regarding the event in question, but also inferences about its relative magnitude and the 

speaker’s preferences. 

Single-Bound Intervals Have Pragmatic Implications  

Framing effects can arise also from single-bound intervals. In a series of studies, 

Teigen et al. (2007) show that whether an uncertainty interval is expressed by its lower or 

upper bound, has communicative implications similar to framing effects. A person saying that 

a product costs “minimum 500 NOK” or “more than 500 NOK” is taken to advice his friend 

against buying the product, while a person who says “maximum 1500 NOK” or “less than 

1500 NOK” sounds like she recommends purchase, although participants guessed she had 

twice the price in mind. Such single-bound intervals also influence beliefs about total 

magnitudes. In another experiment, participants were told about attendees at a concert, 

framed with lower or upper bound. An overwhelming majority thought an audience of “more 

than 100” made it sound like there were no free seats left, while when “less than 150” came it 
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sounded like many seats were free (Teigen et al., 2007; see also Teigen, 2008). Additionally, 

boundaries reflect a speaker’s level of optimism or pessimism (Teigen et al., 2007), and goals 

(Teigen, 2008), and can even suggest trends. In a study by Teigen (2008), participants 

thought that if tomorrow’s temperature was forecasted to be “above X”, today’s temperature 

is lower. If tomorrow’s temperature will be “below X”, the temperature today is higher. 

Lower bounds consequently imply an increase, while upper bounds imply a decrease in 

temperatures. The seemingly arbitrary selection of upper versus lower interval bound 

therefore leads to very different evaluations of both the target object and the speaker’s advice 

regarding it.  

As a possible account of the effect, Teigen et al. (2007) propose that single-bound 

intervals function as provisional reference points, and therefore suggest either upward or 

downward comparisons, in analogy with McKenzie and colleague’s reference point 

hypothesis. A price described as “above 500 NOK” suggests 500 as a reference point, and 

makes all values above this value sound relatively high. We can therefore assume it to be 

larger than expected or desired. In contrast, a price “below 1500 NOK” invites to upward 

comparisons, and a listener can infer that it should be considered relatively low.  

In Paper III, we explore the pragmatic implications of single-bound intervals for 

probabilities, such as an expert’s personal expectations of an event when she frames it as 

“more than 30% chance” versus “less than 50% chance”. We here also test the directionality 

of such expressions, which is addressed in the following section. 

Verbal Probabilities Are Directional 

Verbal probabilities are often said to be vague by conveying different probabilities to 

different people (Budescu & Wallsten, 1995). For instance, research has revealed that readers 

often misinterpret the terms used to convey likelihood in the IPCC reports, and only a 

minority read them as suggested (Budescu, Broomell, & Por, 2009; Budescu, Por, & 

Broomell, 2012). Readers interpret the terms as conveying likelihoods closer to 50% 

compared to what was intended by the guidelines, such that the likelihood of events described 

with terms meant to describe high chance (e.g., likely) are underestimated, while those 

described with low chance terms (e.g., unlikely) are overestimated (Budescu et al., 2009; 

Budescu, Por, Broomell, & Smithson, 2014).  

Verbal probabilities are also found susceptible to various context effects (Bonnefon & 

Villejoubert, 2006; A. J. Harris & Corner, 2011; Weber & Hilton, 1990), and when context is 

provided, individuals seem to disagree even more about their numerical translation (Brun & 



 13 

Teigen, 1988). However, in a different aspect, verbal terms are anything but vague. While 

much research has focused on the perceived probability level of verbal probabilities (which 

probability does likely correspond to?), another stream of research has revealed that they 

convey a communicative aspect that numbers do not: they are directional. Verbal 

probabilities come in two forms: those that lead listeners’ attention mainly to the fact that the 

event may happen (positive directionality), and those pointing to that it may not happen 

(negative directionality) (Honda & Yamagishi, 2017; Teigen & Brun, 1995). While numerical 

probabilities are ambiguous, in particular low probabilities, because they can be interpreted as 

both affirmative or negative or both, people are in almost universal agreement about the 

direction of most verbal expressions (Teigen & Brun, 1995, 2000). Verbal terms are therefore 

actually much clearer than probabilities in this aspect. Directionality is related to another 

concept, namely perspective in natural language quantifiers (e.g., few vs. a few) (Moxey & 

Sanford, 2000; Sanford, Fay, Stewart, & Moxey, 2002; Sanford & Moxey, 2003).  

To determine the directionality of expressions, Teigen and Brun (1995) used an 

adapted version of a sentence completion technique introduced by Moxey and Sanford 

(1986). Here, participants are asked to provide possible reasons for why an event is possible, 

unlikely, etc. Positive phrases like “it is almost certain that Clinton will become a good 

president, because…” were consistently completed with reasons in favor of the statement; 

reasons for why Clinton will become a good president (pro reasons), indicative of a positive 

directionality. In contrast, negative phrases like “It is very improbable that we left the keys in 

the car, because …” were completed with reasons for an outcome’s non-occurrence (con 

reasons), and deemed to be negative (Teigen & Brun, 1995). 

Opposing directionality allows complementary ways of framing an uncertain 

statement, which in turn influence how the speaker is perceived. Directionality can therefore 

give rise to a type of framing effect. Speakers using positive phrases are judged as more 

optimistic compared to those using negative phrases (Teigen & Brun, 2003). Listeners’ 

decisions are also influenced by directionality. In one study, research participants were told 

about Marianne, who suffers from migraine, and considers trying a new treatment. 

Participants were much more likely to advise her to try it if physicians said its chance of 

being helpful was “some possibility” (90% recommended) compared to “quite uncertain” 

(32% recommended), although both groups thought the physicians had a chance around 30% 

in mind. Participants in a third group who were told there was a “30% chance”, were in 

between (58% recommended) (Teigen & Brun, 1999). Thus, a speaker’s selected 

directionality when describing an uncertain outcome is taken to reveal her advice and 
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evaluations much in the same way as the choice to emphasize a lower versus upper bound 

uncertainty interval when expressing approximate values (Teigen et al., 2007).  

Word choice also affects how speakers are evaluated in retrospect (Teigen, 1988; 

Teigen & Brun, 2003). An expert who said “it is possible” that the oil price will reach $20 

was considered more correct if this turned out to happen, compared to one saying “it is not 

quite certain”, despite the latter statement conveying a higher probability (Teigen, 1988). 

Moreover, directionality implies trends. In a study on how verbal terms are selected 

by speakers, Juanchich et al. (2010) found that phrases with positive directionality were 

preferred when a probability estimate was revised upwards, or when a speaker’s probability 

estimate was higher than that of another speaker. Conversely, downward trends were more 

often described with negative phrases. Mirroring how speakers select directionality according 

to reference points, listeners also use directionality to figure out reference points. In a study 

by Honda and Yamagishi (2017), people inferred that a speaker using a positive probability 

term (e.g. likely) had a lower reference point in mind compared to one using a negative 

probability term (e.g., quite doubtful). In one study, participants were told that a box 

contained 100 red and white balls, and that their friend knew there were 50 red balls. The 

friend says that: “Because there are 50 red balls in this box, it is likely [it is quite doubtful] 

[there is a 50% chance] that you will draw a red ball”. Participants were then asked how 

many red balls the friend thought there were in the box before he had checked the contents. 

The negative phrase led to a higher assumed reference point than the positive phrase. The 

numerical probability did not leak any information about reference point, as reference point 

did not vary for different probability levels (Honda & Yamagishi, 2017). These studies are in 

line with McKenzie and Nelson’s (2003) reference point hypothesis, suggesting that speakers 

select frame to indicate a change in comparison to an initial reference point, and that this 

information is picked up by listeners. 

To sum up, both verbal probabilities and single-bound estimates come with messages 

above their probability level, about the speakers’ recommendation and reference points. In 

Paper III, we test whether single-bound probability estimates (“more than X% chance”) are 

directional in a similar way to verbal probabilities, and if they suggest trends in a way similar 

to single-bound estimates. 

Perceptions of Change 

The previous section on the (mis)interpretation of probabilities reviewed some studies 

on how probabilistic forecasts influence judgments. Such investigations typically involve 
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single forecasts conveying the most recent belief about a future target event. In practice, 

however, probability estimates are subject to constant revision, in the interest of giving 

people the most recent information. The best forecasters are those who frequently tweak their 

estimates as new information comes in (Tetlock & Gardner, 2016). The likelihood of rain or 

of a candidate winning the election can change within hours, the probabilities of future 

climate changes can change with new evidence and better models. Although forecasters 

typically present only the most recent estimate to the public, it is not uncommon that new 

estimates are presented together with or contrasted to past estimates. How such revisions are 

understood is an important and understudied topic, especially because media’s obsession with 

recency and changes often will make such information available to the public. Lately, 

Norwegian media have warned its readers about increases in the risk of flooding and 

landslide (Skogstrøm, 2018), forest fires (NTB, 2018), salmonella (Sæle, 2018) and moose 

collisions ("Pass på! Nå øker faren for elgpåkjørsler," 2014). The main topic of Paper I is 

how revisions influence beliefs about future forecasts. A trend effect is revealed, indicating 

that revisions are seen as trends that people extrapolate to future forecasts. In Paper II, we 

further explore this effect, also considering evaluations of the forecaster.  

Much research has examined the way people update their probabilities in reaction to 

new evidence. A long-standing issue in this debate is whether or not people revise their 

beliefs in accordance with Bayes’ theorem (e.g., Edwards, 1968; Fischhoff & Beyth-Marom, 

1983; Gigerenzer & Hoffrage, 1995; Kahneman & Tversky, 1972). The receiver’s 

perspective, namely how people react to the belief updating of others, has received less 

attention. How will people judge an expert’s forecast of rain that has been revised from “30% 

chance” to a “40% chance”? First, such revisions may affect how people evaluate an event. 

Perceiving a hazard as increasing in riskiness is strongly related to perceiving it as risky and 

desire its regulation (P. Slovic, Fischhoff, & Lichtenstein, 1985). Second, revisions may 

affect perceptions of the forecaster. A change in probability could be taken to indicate that the 

expert has gained more knowledge and is more confident. Revisions could also signal 

inconsistency, which may be negatively evaluated. Although there are personal differences in 

preference for consistency in self and others (Cialdini, Trost, & Newsom, 1995), many 

people have a desire for consistency within their own attitudes, beliefs and actions (Cialdini, 

2009; Falk & Zimmermann, 2017b; Festinger, 1957), and consistency in others is associated 

with skills (Falk & Zimmermann, 2017a). Inconsistency may therefore be associated with 

less skill, and perhaps less trust. 
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How will a changed forecast be expected to be continued? Because a forecast should 

be updated with the best information there is at present, the most sensible response would, 

arguably, be to discard the previous estimate, and let solely the most recent one affect 

predictions of the future forecast. However, we suspected both forecasts would be 

considered, due to people’s proneness to perceive trends in non-random events and expect 

their continuations. Rising stocks are expected to continue rising and decreasing stocks are 

expected to decrease further (De Bondt, 1993; Hong & Stein, 1999), a company’s profits or 

sales are expected to continue changing in the same direction (Harvey & Reimers, 2013), and 

so are increasing temperatures (Lewandowsky, 2011). Basketball players and fans believe 

that a successful shot is more likely after a hit than after a miss on the previous shot: the hot 

hand fallacy (Gilovich, Vallone, & Tversky, 1985). Our present investigation differs 

significantly from these studies, which typically involve time series data consisting of several 

data points, which represent judgment-independent observations. For instance, in a study by 

Lewandowsky (2011), people saw time series that described global mean temperatures 

anomalies (from year 1880 to 2009) or share prices (across 130 days), and were asked to 

predict the three next data points. While extrapolation can be reasonable in such instances, we 

argue that it is less reasonable when the “trend” is based on two predictions about the future. 

However, we had reasons to expect trend continuation also in people’s perception of 

revised probabilities, as a study by Juanchich et al. (2010) indicated such an effect (although 

it was not the topic of the article). Here, participants read about profilers who judged a 

suspects’ probability of guilt at two separate occasions, either upgrading (e.g., .20 to .40) or 

downgrading (e.g., from .60 to .40) the probability. Participants were more convinced that the 

suspect was guilty after an increase compared to a decrease of the probability, despite the 

most recent probability being identical.  

Independently of our examination of the trend effect in Paper I, Maglio and Polman 

(2016) conducted a series of studies on how probability revisions make future events feel 

more or less certain. They found that a forecasted event appeared more likely after upward 

rather than downward revisions, supporting the trend effect. Subjective probability was here 

measured as how close the event felt, and the belief that revisions will continue in the same 

direction was found to mediate the effect of revisions on perceived closeness. The studies 

also revealed downstream effects on decision making. People were willing to pay more 

money for energy efficient lightbulbs after learning that the chance of an environmental 

problem had increased rather than decreased, and they were more open to test a male birth 

control when its chance of failure had decreased from 4% to 3% rather than increased from 
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2% to 3%. Overall, these studies showed that probability revisions affect perceived closeness 

across a wide range of events, including desirable and undesirable outcomes, for high and 

low probability levels and for revisions of different magnitudes.  

A trend effect is also found for health risks. In a study by Erlandsson, Hohle, Løhre, 

and Västfjäll (2018), research participants were shown risk estimates for various cancer 

types, presented either as number of yearly deaths or expert-estimated death risk for two 

points in time. Also this study replicated the trend effect and found downstream 

consequences. Psychologically, cancer types were judged as more severe if number of yearly 

deaths had increased (e.g., 180 deaths last year, 200 this year) rather than decreased (e.g., 220 

deaths last year, 200 deaths this year) or remained the same. Behaviorally, more money was 

allocated to cancer types with increasing compared to decreasing or stable risk. Thus, later 

investigations have replicated the trend effect across several domains and presentation modes, 

and shown it to have behavioral consequences. 

The Role of Individual Beliefs 

Lack of certainty implies that more than one outcome is possible. This opens up not 

only for various ways of presenting information, as shown in the past sections, but also for 

individual interpretations, especially about politically loaded topics like climate change. 

Beliefs about whether climate change is manmade or not are extremely heterogeneous and 

polarized. Worldviews and political values affect beliefs about the risks associated with 

climate change (Heath & Gifford, 2006; Kahan, 2012; Kahan et al., 2012; McCright & 

Dunlap, 2011), as well as interpretation of uncertain information. Interpretations of the verbal 

probability statements in the IPCC reports vary greatly with individuals’ ideology and beliefs 

about climate change, with high belief in climate change being associated with assigning 

higher probabilities to the words (Budescu et al., 2012). A similar effect is found for 

interpretations of the distribution underlying an uncertain interval. When told that the 

temperature can rise “as little as 1 degree or as much as 5 degrees”, people’s climate 

acceptance was positively related to perceiving the higher values as more likely than the low 

values or a normal distribution (Dieckmann, Gregory, Peters, & Hartman, 2017). Uncertain 

information can therefore be interpreted in line with motivated reasoning. 

Although individual beliefs about climate change are not a central topic to the present 

work, we measure beliefs about climate change in most of the studies where the stimulus is 

related to climate change, to test whether beliefs affect interpretations of the forecasts. 
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Summary of the Papers  

Paper I – Forecasting Forecasts: The Trend Effect. 

Authors: Sigrid Møyner Hohle and Karl Halvor Teigen  

The aim of this paper was to test how lay people perceive a forecast that has been 

revised from a previous estimate. What do they expect of a future forecast? When people 

receive an updated forecast (e.g., the probability has increased from 50% to 60%), they may 

choose one of three strategies. They may 1) stick to the most recent forecast as the best 

forecast available (“no change”), 2) predict a future forecast in between the last two 

(“reversed trend”), or 3) see the revision as a trend and extrapolate it to future revisions, such 

that the future forecast becomes yet more extreme (“continued trend”). Five experiments 

were designed to test which strategy people would opt for. Participants were Norwegian 

students and American respondents recruited through the online crowdsourcing platform 

Amazon Mechanical Turk. 

In Study 1, participants read about a climate scientist’s forecasts about predicted sea 

level rise (in cm) and temperature change (probability of a 3 °C increase) by year 2100. The 

forecasts were made at two different points in time and increased for half of participants and 

decreased for the other half. The most recent forecast was identical in both conditions. 

Participants were told that the expert “continues to gather information and improve her 

models”, and were asked what her next forecast, made in ten years, would say. Results 

yielded a strong trend effect. Participants on average expected increased forecasts to increase 

more in the future, while they expected decreased forecasts to lower. This held for 

probabilities as well as predicted quantities. Participants’ personal beliefs in climate change 

were associated with expecting changes compatible with more climate change in the future.  

Thus, perceived trends and preexisting beliefs seem to shape predicted forecast in concert. 

A possible critique of Study 1 is that the human forecaster could be biased and update 

the forecast too slowly, for instance due to conservatism (Edwards, 1968), confirmation bias 

or anchoring and under-adjustment (Tversky & Kahneman, 1974). Such errors would justify 

an expectation of future revisions, because it would take time for the available information to 

play sufficient role in the forecasts. However, Study 2 showed a trend effect of similar 

strength regardless of whether the forecasts were produced by a human forecaster or a 

computer model, where such biases are unlikely. Thus, the effect cannot be explained as a 

rational response to a perceived bias in the forecaster.  
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Study 3 conceptually replicated Study 1, employing an improved design and a 

scenario for which increases and decreases might be equally realistic, namely future 

agricultural productivity in Norway. Again, most participants expected trend continuation for 

both amounts and probabilities. People thus seem to extract information about direction out 

of the forecasts, rather than for instance information about the forecast being uncertain and 

prone to regress back to the previous one again.  

Study 4 was designed to test if participants would perceive trends also for revised 

categorical risks, or if they would here rely on the most recent estimate, as the categorical 

color format may make it more meaningful on its own. In a within-subjects design, 

participants were told that the landslide risk at three locations was green (acceptable), yellow 

(moderate) and red (unacceptable). Two weeks later, the risk was yellow at all locations. A 

majority of participants believed that the increased risk would cause more worry among 

inhabitants than the decreasing risk, despite the identical risk levels at present. When 

participants reported their own surprise in the case of a landslide, their responses were more 

even. More people would be surprised by a landslide after no change in risk than after a 

decreasing risk, while there was no difference between increased and decreased risk. Thus, 

responses were in line with a trend effect for assumed worry, but not for surprise. 

The notion of evaluability (Hsee, 1996; Hsee & Zhang, 2010) suggests that some 

values, such as probabilities, are hard to evaluate without a relevant comparison context. 

They become more meaningful once multiple values are presented simultaneously (joint 

mode), compared to when a single value is shown (single mode) (Hsee & Zhang, 2010). In 

Study 5, we tested if judging revised probabilities in joint mode would reduce the trend 

effect, because participants could here compare the present probability levels with probability 

levels in other locations rather than relying on trends. Participants read about the seismic risk 

in three locations (joint mode), or in a single of these locations (single mode). Risks had 

either increased, decreased or remained stable. Results show that trend continuation 

dominated in both joint and separate mode. In other words, increased forecasts were expected 

to increase more in the future, and decreasing forecasts decrease, regardless of whether 

participants read a single forecast or three different ones. However, when predicting the 

worry of inhabitants, participants in joint mode based their expectations on risk level rather 

than perceived trend. Thus, worry was expected to be highest in the area with the highest risk 

(revised from 60% to 45%), although it had decreased, while it would be lowest for the area 

with low, but increased risk (revised from 20% to 35%). Worry level did not differ between 

the three conditions when risks were presented separately. This could imply that the trend and 



 20 

the risk level cancel each other out, as the highest, but decreasing risk level was not seen as 

more worrisome than the lowest but increasing one.  

Taken together, these studies offer strong evidence for a trend effect in lay people’s 

perception of revised forecasts and risks. Prognoses about climate change and natural 

disasters that have been revised once, are expected to change in the same direction in the 

future. The findings go beyond previous research on the “rule of three”, which states that 

three instances are enough to form a perceived streak (Carlson & Shu, 2007). For deliberate, 

non-chance changes in forecasts, we find an even simpler rule of two. Participants received 

scarce information to make the forecast consistent with increasing as well as decreasing 

chances. It is therefore possible that the effect is caused by a mindless continuation of two 

numbers. This possibility is explored in Paper II. 

Paper II – When Probabilities Change: Perceptions and Implications of Trends in 

Uncertain Climate Forecasts. 

Authors: Sigrid Møyner Hohle and Karl Halvor Teigen  

The aim of this paper was to investigate the trend effect identified in Paper I more 

deeply. We wanted to test some possible boundary effects, and investigate whether revisions 

of forecasts could have downstream effects on evaluations of the forecaster. Four studies 

were conducted, with Norwegian students as research participants. 

Study 1 was a replication of Study 3 in Paper I, involving an expert’s probabilistic 

forecast about future agricultural productivity in Norway, revised either up or down. 

However, two important changes were made to the design. First, participants were asked to 

provide up to three reasons for the revised forecasts, before they predicted what a future 

forecast could be. Thinking about reasons was expected to induce a more deliberate 

processing of the information and enhance analytical reasoning. If participants see the 

question as a mathematical problem to be solved, and simply draw a line the between two 

numbers without much deliberation, reflecting upon reasons could attenuate the effect. 

Second, participants rated the expert’s perceived uncertainty, competence, and opinion 

change, and whether she could be trusted. Responses remained very similar to in Study 3 in 

Paper I, and a majority of participants expected trend continuation even when providing 

reasons. The expert was perceived as more certain when she had revised her probability 

upwards compared to downwards, but the other expert ratings did not vary between the up 

and down condition. 
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Study 2 was designed to test whether participants would perceive a trend also in 

forecasts coming from different experts. Participants were again given two forecasts about 

the same target event and were asked to predict the next forecast. This time, the diverging 

probabilities were produced either by a single expert at two different occasions, by two 

experts at two different occasions, or by two experts at the same occasion. Participants 

expected future revisions in the direction of the trend when the forecasts were produced at 

different occasions, even when the forecasts came from two different experts. Only when 

both forecasts were equally recent did participants expect a forecast “in between” next time.  

Linear trends are easy to infer when there are only two data points, which can always 

be connected with a straight line. In Study 3, participants were told about an even earlier 

forecast disrupting this linear “trend”. For instance, the forecasts were 60% - 50% - 60% 

(presented in chronological order). Results showed that the trend effect now disappeared, and 

mean expectations became more varied. Thus, although the forecaster also here had become 

more certain (or uncertain) than previously, the knowledge about the even earlier estimate 

seemed to cancel out the trend effect.  

Study 4 explored effects on the perception of the expert. First, how do revisions affect 

perceived agreement between experts? The trend effect implies that revisions in opposite 

directions will induce larger differences over time. Participants in two conditions were told 

about two experts who had both revised their forecasts, either in the same or in the opposite 

direction. In a third condition, only their most recent forecasts were revealed. The opposite-

direction experts were rated as being more in disagreement than both the same-direction and 

the control conditions, suggesting that expert agreement is judged not only by probability 

magnitude, but also by the direction in which estimates have been changed.  

Second, the effect of revisions on post-hoc accuracy was studied. After an outcome 

has taken place, people judge the post-hoc accuracy not only by numerical probability, but 

also by the directionality of the verbal probability used (Teigen & Brun, 1995). For instance, 

a forecaster is perceived as more correct when earlier having described an outcome that 

actually happened as “possible” (positive directionality) rather than “not quite certain” 

(negative directionality) (Teigen, 1988). In a similar manner, the trend implied in a revision 

may suggest that a forecast revised upwards is “on its way” to 100% probability (X will 

occur) and therefore has a positive directionality, while a downward revision suggests a 

negative direction towards 0 (X will not occur). Results did indeed show an effect on 

perceived accuracy. When X actually occurred, participants judged a 40% probability as less 

accurate if it had been downgraded from a higher chance, compared to when it had not been 
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revised or had been revised upwards. The trend effect therefore has consequences beyond 

affecting which forecast is expected next time. 

Paper III – More Than 50% or Less Than 70%? Pragmatic Implications of Single-

Bound Probability Estimates. 

Authors: Sigrid Møyner Hohle and Karl Halvor Teigen  

The aim of this paper was to study how laypeople receive probabilistic forecasts 

framed as single-bound probability estimates, describing either lower bounds (e.g., “more 

than X% chance”) our lower bounds (e.g., “less than Y% chance”). The studies extend 

previous research that has shown pragmatic effects of whether a speaker expresses 

approximate quantities with lower bounds (“over $100”) or upper bounds (“less than $150”). 

Based on selected boundary, listeners draw inferences about the speaker’s level of optimism 

and pessimism (Teigen et al., 2007), the target value’s relative magnitude and trends (Teigen, 

2008). Extending this research, we hypothesized that probabilistic messages emphasizing one 

side of a probability range would have similar effects. Moreover, we expected single bounds 

to be of either positive or negative directionality, corresponding to how verbal probabilities 

draw attention to either the possible occurrence (e.g. possible) or non-occurrence (e.g. 

uncertain) of an event (Teigen & Brun, 1995). Two main hypotheses were tested: An 

attentional focus (directionality) hypothesis and a trend hypothesis. Specifically, lower 

bounds (“over X% chance”) were expected to indicate increasing trends, implying a growing 

certainty, and direct focus to the event’s possible occurrence. Upper bound terms would in 

contrast suggest decreasing certainty and focus listeners’ attention to the outcome’s possible 

non-occurrence. Three experiments were conducted using climate-related forecasts, with 

research participants recruited from Norwegian universities and through Amazon Mechanical 

Turk. 

In Study 1, participants were shown two scenarios about glacier melting and global 

sea level rise, where the probability for target outcomes was described with either lower 

bounds (“over 30%” and “over 50%” chance) or upper bounds (“under 50%” and “under 

70%” chance). To reveal the directionality of the statements, we asked participants to suggest 

explanations for the forecasts, and rate their correspondence with verbal probabilities of 

negative versus positive directionality. Results indicate that the statements guide attentional 

focus in much the same way as directional verbal probability statements. A majority of 

participants suggested pro reasons for the lower-bound statements, indicating reasons for why 

the target outcomes would occur. The upper-bound statements were more often explained by 
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con reasons, although pro reasons also occurred, especially for higher probabilities. 

Moreover, the lower-bound statements were rated as more aptly described with positive 

verbal expressions (e.g., “a possibility”), while negative expressions (e.g., “quite uncertain”) 

were more appropriate to describe the upper-bound statements. There was no evidence of a 

trend induced by term, as participants tended to believe probabilities would increase in the 

future regardless of whether they were described as “over” or “under”. A strong belief in 

climate change among Norwegian students, which the sample was drawn from, could have 

made most participants expect developments towards more climate change in future 

forecasts. 

 To enable a better test of the trend hypothesis, we used scenarios for which 

participants might not hold strong prior beliefs in Study 2. We also included an “almost X” 

condition, to test the reception of this term that implies values that are lower than X, but at 

the same time emphasizes that the target value is high, approaching X (Kahneman & Varey, 

1990). Participants read three scenarios where forecast probabilities were framed as either 

“over”, “under” or “almost” X% chance. The terms were the same across the scenarios, while 

X was respectively 30%, 50% and 70%. Participants were asked which exact probability they 

thought the forecaster had in mind, whether a previous forecast indicated a higher, lower or 

equal probability, and whether the expert expected the event to happen, yes or no. Results 

supported the trend hypothesis. A majority of participants thought a probability “above X%” 

or “almost X%” chance had been lower than X before, while a chance “below X%” had been 

higher. Moreover, although the phrases were believed to reflect exact probabilities close to 

the stated value, an expert using “over” and “almost” statements were more often thought to 

believe the event would occur, compared to an expert saying “under”. A substantial minority 

meant that even relatively low probabilities (“almost 30%” and “over 30%”) reflected that the 

expert expected the event. Thus, the statements leak information about the speakers’ 

expectations and past probabilities. Importantly, this trend effect is not only a matter of lower 

versus upper bound, as “almost” is upper-bound, but suggests increasing trends. “Almost” 

seems to function in an assimilative way, while “under” and “over” are contrasted to X.  

The samples in Study 1 and 2 were Norwegian students. Study 3 replicated Study 2 in 

an American sample of a more demographically varied background. Participants were again 

told about three forecasts across three different scenarios, in which chances were framed as 

“more than X%” for half of participants, and “less than X% chance” for the other half. In 

addition to the questions in Study 2, participants also rated the statements’ agreement with 

verbal probability terms of positive vs. negative directionality (possible and uncertain). 
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While half of participants indicated what they thought a previous forecast had said (higher, 

lower or about the same chance), the other half made the same selection about a future 

forecast. In contrast to in Study 2, boundary term no longer affected beliefs about past 

forecast. This could be due to a slight modification of the question framing. However, beliefs 

about future forecasts varied between conditions. “More than” statements were more often 

believed to lead to higher compared to lower future probabilities, while “less than” statements 

indicted decreasing trends more often than increasing trends. Terms also affected the 

assumed belief of the speaker, similarly to in Study 2. The trend hypothesis was therefore 

partially supported. Finally, participants judged the positive verbal statement as more suitable 

than the negative statement to describe a “more than X%” chance, lending further support to 

the attentional focus hypothesis.  

These results extend previous research on single-bound estimates of approximate 

quantities, by showing that also single-bound estimates of approximate probabilities have 

pragmatic implications and affect beliefs about the speaker and about trends. They also show 

that single-bound statements lead listeners’ attention in contrary directions, by a process 

similar to directionality in verbal probability statements. 

General Discussion 

Absolute numbers are only part of the story when people respond to uncertain 

information. Likelihood estimates can be mollified or amplified by the way they are 

presented and by factors outside the numbers themselves. Presentation aspects that affect how 

probabilities are judged and decided upon include the way chances are framed (e.g., chance 

of dying vs. chance of survival) (Levin et al., 1998; Teigen, 2016), if they are accompanied 

by verbal probabilities (Budescu et al., 2014; Jenkins, Harris, & Lark, 2018), expressed 

internally (“I am X% certain”) or externally (“It is X% certain”) (Løhre & Teigen, 2016), and 

if they come as probabilities or natural frequencies (Cosmides & Tooby, 1996; Hertwig & 

Gigerenzer, 1999). Context factors that shape reactions include emotional reactions to the 

uncertain information, for instance evoked by pictures, stories and narrative evidence 

(Dieckmann et al., 2010; Loewenstein, Weber, Hsee, & Welch, 2001; P. Slovic, Finucane, 

Peters, & MacGregor, 2007; S. Slovic & Slovic, 2015), whether the probability is 

accompanied by positive or negative reasons (Flugstad & Windschitl, 2003), perceived 

politeness of the communicator (Sirota & Juanchich, 2012b), and how “typical” an outcome 

seems to be (Windschitl & Weber, 1999). The present dissertation illuminates yet another 
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aspect of communicating probabilities that forms how they are received, namely perceived 

direction.  

An appearance of direction can arise in two ways. In Paper I and II, we found that 

when a forecast was preceded by an earlier forecast suggesting a different likelihood, 

receivers construed the difference as a trend and expected further changes in the same 

direction in the future. Seemingly, the former forecast lent a direction and movement to the 

most recent one, making it dynamic rather than a static piece of information. Because of this 

inferred direction, identical risk estimates were judged differently depending on their 

previous value. Paper II found that these dynamic implications remained even when receivers 

deliberated over the revision, and when the forecasts were produced by different sources. 

However, knowing about an even earlier forecast disrupting the linear “trend”, removed the 

trend effect.  

In Paper III, we discovered a second way in which probabilistic forecasts are 

bestowed dynamic implications. Framing a probability range by a single bound, as in “over 

30% chance”, created a gist of direction in a similar way to a revised probability. It made 

receivers infer that the uncertainty was in development in line with a trend, evident in beliefs 

about the speaker’s expectations, and to some extent in beliefs about what the probability 

used to be and where it is heading. Single bounds also offered a cue for where to locate 

attention. Chances “over X%” made recipients focus on the fact that the event may happen, 

while “under Y%” made them consider the other side of the coin, that it may fail to occur.  

Thus, both changes in probability and choice of upper versus lower probability 

interval have dynamic implications, and give rise to ideas about what is ahead. I will now 

consider possible mechanisms behind these effects, and show how the findings connect to 

each other by making forecasts more evaluable. Last, I will suggest some practical 

implications for communicating probabilistic estimates and directions for future research. 

Mechanisms Behind the Trend Effect 

Although the present studies were not designed to reveal the processes behind the 

trend effect, the results render some possible explanations more or less likely. Since trend 

continuation remained equally strong after receivers had explained the revision and 

presumably processed it more thoroughly (Paper II, Study 1), the effect seems to be more 

than participants merely continuing a number sequence in a mindless way.  

One possibility might be that the participants expect the forecaster to be too 

conservative in updating the forecast, and therefore adds some further change in the revised 
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direction in order to account for this bias. This strategy could make sense in light of the 

finding that people tend to update their beliefs less than normatively dictated by Bayes’ 

theorem, and that judgments tend to be anchored towards initial values (Edwards, 1968; 

Furnham & Boo, 2011; Tversky & Kahneman, 1974). However, that people expected trend 

continuation for forecasts produced by computers as well as human judges (Paper I, Study 2) 

made this interpretation unlikely, as computers should not be subject to such a bias. 

Another possibility is that the effect results from pragmatic inferences about the 

research situation. Research participants expect researchers to follow conversational norms 

and assume that presented material is relevant (Wänke, 2007). Participants may have made 

use of the information about past forecasts simply because they assumed it was included for a 

reason. However, they could have taken the past forecast into account by suggesting the mean 

of the two forecasts as future estimate. In contrast, a majority of participants across all studies 

suggested a linear projection of the trend as the correct response. The results can therefore not 

only be caused by the research setting, although it may have strengthened the weighing of the 

past estimate and thus the effect. 

The trend effect cannot stem from a general expectation that climate change is 

increasing, as it was present for both upward and downward changes, and for scenarios where 

the effect of climate change was more uncertain (e.g., agricultural productivity in Norway, 

which can both increase and decrease as a result of climate change). Other studies have also 

found a similar effect for probabilities outside the climate domain (Erlandsson et al., 2018; 

Maglio & Polman, 2016). However, trends were followed more strongly for changes in 

direction compatible with more climate change in the future, implying that preexisting beliefs 

about the target event and the trend effect may work in symphony.  

In Paper I, we suggest that the trend effect could stem from overreliance on a heuristic 

that is useful across many domains, namely the human propensity to seek patterns. People 

often detect coherent and meaningful interrelationships even in random or unrelated stimuli: 

figures in noise, correlations between unrelated events (Chapman & Chapman, 1969; 

Whitson & Galinsky, 2008), and streaks in random data (Carlson & Shu, 2007; Gilovich et 

al., 1985). Although such illusory pattern perceptions can lead to erroneous judgments, they 

can be adaptive. It has, for instance, been argued that the ability to detect streaks serves 

evolutionary purposes, because important resources––such as food, water resources and 

people––tend to be clumped in space and time. Accordingly, Wilke and Barrett (2009) argues 

that perceiving streaks rather than randomness is our psychological default. Furthermore, it is 

often reasonable to assume that growth in natural time series is followed by further growth, 
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although less steeply over time. Harvey and Reimers (2013) list a number of phenomena that 

develop in line with damped trends: from growth of animal and plant populations (Law, 

Murrell, & Dieckmann, 2003), tumors (Forys & Marciniak-Czochra, 2003), and charitable 

donations following natural disasters (Schweitzer & Mach, 2008), to diffusion of 

technologies (Kucharavy & De Guio, 2011). Expecting continued trends, although damped, 

may therefore enable people to accurately predict the development of natural phenomena that 

are important for survival. 

Needless to say, revised forecasts differ from these examples in crucial ways. First, 

forecasts are not observations of events that have happened, but predictions of future events. 

Second, our experiments involve showing participants only two forecasts, for which a trend 

can hardly be reliably inferred regardless of the type of event. The existence of trends in our 

natural environment may however have evolved a cognitive aptness that make people prone 

to detect trends even in forecasts. While extrapolating trends can be warranted when they are 

based on a large number of observations, and when the mechanisms responsible for the 

growth or decline can be expected to be at work also in the future, people may overuse their 

trend detecting capacity and use it in also when judging a revised forecast. It is well-known 

from the JDM literature that people are sometimes not motivated to engage with difficult 

information, and rather focus on cues that are easier to understand but possibly less relevant 

(Kahneman & Frederick, 2002). As shown in the introduction, probabilistic concepts can be 

confusing and poorly understood. Percentages may cause particular puzzlement because of 

their many functions: They can refer to likelihoods, but also to proportions (“30% of coral 

reefs may disappear”) or degree of change (“number of coral reefs decreased by 30%”). 

Possibly, people struggle to make sense of a probability revision and therefore respond in the 

same way to a change in the probability of X as they would respond to a change in X.  

An alternative explanation that does not exclude the previous one, is that people 

perceive the revision as indicative of a momentum. Maglio and Polman (2016) suggest 

Psychological Momentum Theory (Markman & Guenther, 2007) as a theoretical account of 

their observations that revised probabilities affect perceived closeness of an event. 

Analogously to how physical objects in motion may continue their course for a while after 

meeting a resisting force, performers may acquire a sense of “personal power” after an 

initially successful outcome, which affect subsequent performance (Iso-Ahola & Mobily, 

1980), exemplified by the hot hand fallacy (Gilovich et al., 1985). Markman and Guenther 

(2007) extend this effect originally studied by sport psychologists to other domains, and find 

for instance that a writer is deemed more likely to finish a paper on time if she experiences 
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momentum compared to if she works at a steady pace. Maglio and Polman (2016) argue that 

people will perceive a momentum in revised probabilities, so a probability being “on track” 

in one direction may be estimated to continue. Because judgments about an object comprises 

both its current and predicted future state, an event will feel more likely when its likelihood 

has increased (Maglio & Polman, 2016).  

Magnitude of revision seem to be of little importance to the trend effect. Maglio and 

Polman (2016) systematically varied revision size, and found no effect. For instance, a 40% 

chance of rain did not feel significantly closer if it was revised from a chance of 10% 

compared to 38%. Correspondingly, we observed no difference in perceived accuracy of a 

40% forecast that had been revised from 50% (small decrease) compared to 60% (large 

decrease) (Paper II, Study 4). These results can seem incompatible with the psychological 

momentum theory, according to which momentum is the product of (psychological) mass and 

velocity. In Maglio and Polman’s (2016) logic, size of change corresponds to velocity, and 

larger changes should increase perceived momentum. However, the probability scale is 

special in being bounded by its endpoints. An event cannot be forecasted with a chance lower 

than 0% or higher than 100%. Maglio and Polman (2016) suggest that as a result, people may 

give greater weight to direction than to the size when evaluating revised probabilities.  

Not only probability revisions may create a perceived momentum. Paper I revealed a 

trend effect also for revised outcomes. When forecasted sea level increased from 20 cm to 40 

cm, a higher estimate was expected in the future report. Løhre (2018) found a similar effect 

for interval forecasts, such that changes of boundaries were expected to continue. Perceptions 

of momentum can possibly arise even from how a probability interval is framed, shown by 

the trend effect for single-bound probabilities in Paper III. A forecaster saying “more than 

30%” was, for instance, believed to expect the event to occur about equally often as a 

forecaster saying “less than 70%” (36% vs. 40% of respondents answering yes), although the 

first one was assumed to have a considerably lower probability in mind (37% vs. 60% 

chance) (Study 3). One explanation of the gap between stated value and presumed belief 

could be the momentum, or the dynamic implications of the selected boundary.  

However, beliefs about future forecasts were not as strongly affected by single bounds 

as by revised probabilities. Paper I and II demonstrated a very robust trend effect for revised 

probabilities, with a substantial majority of participants (between 66% and 88%2) expecting 

                                                 
2 The proportion of participants who predicted trend continuation in a future forecast, rather than trend 

reversal or no change, in the studies where two probabilistic forecasts came from the same source (Study 1–4 in 

Paper I, and Study 1 and 2 in Paper II). Trend continuation was slightly less dominant when the forecasts came 
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continued trends across the six studies where this was tested. In Paper III, participants were 

asked to indicate what a past forecast had said (Studies 1, 2, and 3) and what a future forecast 

would say (Studies 1 and 3) based on the forecaster’s choice of boundary term. A perceived 

trend would appear in that lower bounds were more often thought to describe increasing 

rather than decreasing probabilities, while upper bounds were more revealing of decreases 

compared to increases. This pattern was observed only in two out of five tests: for past 

forecast in Study 2, and for future forecast in Study 3. And although lower bounds were more 

often thought to indicate a future higher rather than lower chance in Study 3, the majority of 

participants did not expect the forecast to change at all. The strongest effect was for past 

forecast in Study 2, where participants were told that the forecast is now over/under/almost 

X%. The effect disappeared with the removal of the term now in Study 3. The term, which 

explicitly contrasts the present to the past, therefore seems necessary for the framing to have 

trend implications from past to present. In Study 1, selected term did not affect beliefs about 

past nor future prognoses. The forecast topic was here ice melting and sea level rise, which a 

majority of participants thought was becoming more likely. Possibly, personal beliefs could 

be more important for predictions based on a single-bound forecast compared to a revised 

forecast. Clearly, while a forecast revision indicates an actual change of probabilities, single 

bounds are merely a speaker’s choice of terms. Because communicators normally have little 

control over future forecasts, it is perhaps not surprising that their frame selections do not 

create an equally strong idea about future forecasts as a revision. 

Direction Makes Probabilities Evaluable  

The present work shows that identical probabilities are evaluated differently based on 

past estimates, and approximate probabilities that are believed to correspond to similar exact 

probabilities are evaluated differently based on selected boundary. An absolute estimate may 

therefore not be as important as the direction in which it has changed, or is assumed to 

change. One reason may be that direction of change is more evaluable than absolute numbers. 

As stated by Flugstad and Windschitl (2003), “an isolated numerical probability forecast is 

often difficult to evaluate and therefore does not have strong affective or intuitive 

implications.” Without relevant comparisons, laypeople may find probabilities difficult to 

react to, and a person’s worry may be unaffected by whether the chance of getting her house 

flooded is 30% or 40%.  

                                                 
from two separate experts (59% continued the trend), and for revised forecasted amounts (52–77% continued 

the trend).  
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The notion of evaluability (Hsee, 1996; Hsee & Zhang, 2010) suggests that some 

values, such as numerical probabilities, are hard to evaluate without a relevant comparison 

context, especially in unfamiliar domains. The evaluability work searches to explain when 

people are value sensitive, that is, letting variations in the values of an attribute affect 

evaluations. Value sensitivity depends on evaluability, which is the degree to which a person 

has relevant reference information that makes it possible to estimate how good or bad a given 

value of the attribute is. Such reference information can come from three sources: mode, 

knowledge and nature (Hsee & Zhang, 2010). First, evaluability is higher when a value is 

presented and evaluated together with others (joint evaluation mode) rather than alone (single 

evaluation mode). In line with this, Paper I, Study 5 showed that higher risk levels translated 

into higher worry levels when seismic risk for different areas were presented together, but not 

when participants read information about only one area. 

Second, evaluability increases with knowledge about a target attribute’s distribution, 

such as mean and range (Hsee & Zhang, 2010). For the case of probabilities, some 

distributional information is well-known. Probabilities have fixed endpoints representing no 

chance (0%) and certainty (100%). What should be considered high or low likelihoods for 

different domains, is however less obvious. Even “low” probabilities might be perceived as 

very high for adverse outcomes such as severe weather events or side effects of medicines. 

Studies by Kunreuther et al. (2001) suggest that people do not discriminate between low 

probabilities unless these are coupled with context information that draw on people’s own 

experiences and risk perceptions. People also struggle to discriminate values far away from 

the endpoints of the probability scale (Kahneman & Tversky, 1979). Moreover, not all 

distributional information is explicit in the probability scale. In contexts like climate change, 

the underlying probability distribution may be unknown or non-normal (e.g., the fat-tail 

problem described by Weitzman, 2009). Thus, non-experts may have limited familiarity with 

evaluating probabilities in specific fields.  

The third factor that determines evaluability is nature. Attributes are inherently 

evaluable if humans have an innate and stable physiological or psychological scale to 

evaluate their values, as for basic biological needs (Hsee & Zhang, 2010). A sense of chance 

seems to be innate in the human mind. Basic probabilistic knowledge is present in preliterate 

and prenumeral adults (Fontanari, Gonzalez, Vallortigara, & Girotto, 2014), in preverbal 

infants (Denison & Xu, 2010; Téglás, Girotto, Gonzalez, & Bonatti, 2007) and even in 

nonhuman primates (Rakoczy et al., 2014). Probability theory, however, is a human-invented 

theory, and not an inherent scale. Evaluating probabilities expressed with numbers therefore 
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requires training, evident by frequent violations of the basic rules of probability theory 

(Kahneman, 2003; Riege & Teigen, 2013). 

Taken together, numerical probabilities presented alone can be of low evaluability. 

The present work shows two ways in which they become more evaluable. First, a probability 

may be easier to evaluate if seen together with a previous estimate. According to the General 

Evaluability Theory, categorical differences are more easily evaluable than incremental 

differences, because people generally are more knowledgeable about sign and type than about 

degree (Hsee & Zhang, 2010). Thus, the fact that a chance has increased or decreased may be 

more meaningful to people than the absolute increase or the precise probability, because it 

suggests a categorical direction (up or down). The previous forecast may also allow for joint 

evaluation, by providing reference information. If a 60% is preceded by a 50% probability, 

we can infer that 60% is relatively high–at least higher than before. 

Second, a speaker’s framing may make a probabilistic forecast more evaluable. A 

forecasters’ weighing of either the lower or upper interval boundary serves as a provisional 

reference point (Teigen et al., 2007), which enables a comparison and an evaluation of how 

high or low, or how scary or relieving, a chance is. A chance of “more than 20%” of a 

hurricane is clearly something to be worried about, because it sounds high in comparison to 

20%. A chance of “less than 40%” sounds somehow less scary, because attention is led to the 

fact that the chance could have been higher. Single boundaries may also increase evaluability 

by providing a linguistic piece of information in addition to the numeric value (Teigen, 

2008). While making sense of a numeric probability may be cognitively effortful and require 

domain knowledge and reference information, linguistic information is more directly 

accessible, as it only requires basic skills in understanding natural language. Inferring that 

“more than 30%” is quite high may therefore happen in a fast, automatic and effortless way, 

in line with so-called Type 1 processing, while making sense of the probability information 

may require more deliberate and slow Type 2 processing (Kahneman, 2003; Stanovich & 

Toplak, 2012). Teigen (2008) suggests that for single bounds for approximate values, 

numeric information may be considered only secondarily, to modify or correct an initial 

impression caused by the verbal information (the boundary term). Drawing on a different, but 

related theory, the assumed direction of a forecast may convey gist information (Reyna, 

2004; Reyna & Brainerd, 1995). According to fuzzy trace theory, people generally reason 

with gist representations of information rather than verbatim representations. That is, they 

rely on the qualitative, often more approximate sense of a problem, or its essence. While 

precise probabilities provide verbatim representation (Reyna & Hamilton, 2001), gist can be 
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conveyed by the direction in which a forecast has changed, or the linguistic information in a 

single boundary. According to fuzzy trace theory, reasoning and decisions will more often be 

based on this qualitative aspect of the information, suggesting that boundary term and 

direction of change may outweigh the specified probability in reasoning and decision making.  

Evaluability level of mode, knowledge and nature work in harmony in producing 

overall value sensitivity. For a person with much experience with a scale, evaluability may 

already be so high that more knowledge or joint evaluation will not increase it further (Hsee 

& Zhang, 2010). For instance, a climate scientist may easily draw meaning out of a single 

probabilistic forecast and be less influenced by its framing or revisions. Nonexperts may be 

more affected by two-point trends and single bound frames than a person familiar with 

probabilities and the domain, although this hypothesis would require testing. 

Beyond What Is Said: Pragmatics of Communication  

The present findings also relate to the principles of communication. What a speaker 

intends to communicate is often much richer than what is directly expressed (Horn, 2004). 

Therefore, successful communication often involves that the listener goes beyond the literal 

meaning of statements, and understands the meaning intended by the speaker: the pragmatic 

meaning (Wänke, 2007). Paper III points to pragmatic meanings of single-bound probability 

intervals. Utterances about approximate probabilities were shown to not only suggest a 

degree of uncertainty, but also draw listener’s attention in one of two opposing directions. 

Perhaps as a result of this directionality, a speaker was more often believed to expect an event 

to occur if using a lower-bound rather than upper-bound term. The results thereby extend the 

literature on how utterances about uncertainty serve not only quantitative functions, but also 

qualitative and pragmatic functions. Single-bound probability estimates have communicative 

functions similarly to single-bound estimates of approximate values (Teigen, 2008), framing 

of numerical quantities (McKenzie & Nelson, 2003; Yeung, 2014), the directionality of 

verbal probabilities (Teigen & Brun, 1995; Honda & Yamagishi, 2017) and the perspective 

induced by expressions of quantity (Sanford et al., 2002; Sanford & Moxey, 2003). 

Knowing that the chance is “more than 20%” is strictly speaking less informative than 

knowing the chance is “between 20% and 60%”, as the first statement could imply chances 

up to 100%. However, our results suggest that stating a single bound can be more informative 

than stating the full range, by suggesting an attentional focus and direction in which the 

probability is changing and hinting to the relative magnitude of the chance. This is similar to 
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how expressing uncertainty with language expressions can be more informative than 

numerical information, because they suggest attentional focus (Sanford & Moxey, 2003).  

How do the pragmatic effects occur? In order to express an intended meaning, a 

speaker exploits pragmatic principles and assumes the listener to use the same principles to 

figure out the intended meaning (Horn, 2004; Wänke, 2007). Such pragmatic inferences can 

be based on the principles of conversational logic (Grice, 1975). According to the Gricean 

maxims, listeners infer meanings by assuming that the speaker’s selected phrasing is true, 

informative, clear and relevant to the topic at hand. Often, the meaning of utterances can be 

derived from what seemingly violates the pragmatic principles (Horn, 2004). An example is 

when a recommendation letter for a philosophy position says that Jones “dresses well and 

writes grammatical English” (Horn, 2004). Because this information seems to violate the 

principle of informativeness, we can assume that the violation is meaningful and that the 

speaker omitted more information on purpose, in order to implicate that the candidate is poor 

at philosophy. Similarly, when a chance is described as “more than X%”, a listener may 

derive meaning out of the omission of the upper bound. The speaker may want to attract 

attention to the fact that the chance is more than X, while the exact upper bound may not be 

of importance. The listener can therefore assume this to mean a substantial chance. Listeners 

can also assume that speakers choose formulations that they find relevant for the case at hand 

(Grice, 1975), meaning that chosen formulations may say something about the speakers’ 

attitudes and beliefs.  

Relatedly, the information leakage work by McKenzie and colleagues (McKenzie & 

Nelson, 2003; Sher & McKenzie, 2006) can be useful for interpreting the results of Paper III. 

An example of how inferred meaning is richer than the strictly literal meaning, is when 

listeners assume that a glass called half-empty used to be fuller before, or contains less than it 

should, while the contents of a half-full glass has increased. According to the information 

leakage hypothesis, the difference occurs because the frame leaks information about relevant 

reference points. A half-full glass is compared to glasses that are empty or emptier than the 

one at hand, while half-empty glasses should be compared with glasses that are full or fuller. 

In relation to these reference glasses, the present glass is perceived as relatively full/empty. 

Similarly, single bounds may function as provisional reference points (Teigen et al., 2007). In 

“more than X% chance”, X is introduced as a reference point, in comparison to which the 

probability is quite high. This comparison can make listeners assume that the speaker finds 

the chance higher than expected, or higher than before, which may in turn create the 

impression of a trend. While other framing effects can be explained as upward or downward 
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comparisons with implicit reference points, framing effects of single-bound probability 

estimates can be explained as comparisons with explicit reference points. 

The usage and interpretation of upper-bound versus lower-bound probability 

statements may not be symmetrical. Previous studies have shown lower-bound statements to 

be more frequent, and to be preferred to upper-bound statements across a variety of phrases 

and domains (Halberg & Teigen, 2009). The internet search in Paper III found the same 

dominance of lower-bound statements to describe probabilities. The dominance of lower-

bound terms, which are of positive directionality, also corresponds with how other 

researchers have observed a preference for positive verbal probabilities. These are found 

suitable for a wider variety of probabilities and outcomes than negative verbal phrases 

(Teigen & Brun, 1995). A possible explanation lies in the markedness of words. In adjective 

pairs like tall/short, good/bad and old/young, the first pair members are unmarked, and can be 

used in a neutral sense, while the last members are marked, and have a more specific meaning 

(Battistella, 1996; Clark, 1970). Unmarked terms have two meanings; a nominal and a 

contrastive. Tall can be for instance be used both about “of the dimension length” (“the man 

is 180 cm tall”) and about “longer than average” (“the man is tall”). Short, which is the 

marked polar opposite, only has the contrastive meaning, as “shorter than average”. It is 

grammatically incorrect to say that “the man is 180 cm short”. If a questioner asks “How 

short is the man?”, she implies that she expects the man to be short (Clark, 1970). Marked 

terms also suggest a narrower range of answers (R. J. Harris, 1973). It has been suggested 

that more is unmarked and less is marked for comparative statements (Clark, 1970), and the 

dominance of “more than” over “less than” as modifiers found in the present as well as past 

investigations (Halberg & Teigen, 2009) suggests that “more than” is unmarked also for this 

usage. It follows that “more than” and other lower-bound terms may be interpreted as a more 

neutral way of conveying a chance than “less than” and other upper-bound statements, which 

may be more revealing of the speakers’ perspective and advice. The dominance of lower-

bound statements can also be attributed to a positivity bias, or the scalar properties of the 

number systems, where lower numbers are entailed in larger numbers, but not vice versa 

(Halberg & Teigen, 2009). However, this asymmetry is not the main topic of the present 

work. For more detailed discussions, see Halberg and Teigen (2009), Hoorens and 

Bruckmüller (2015) and Matthews and Dylman (2014). 

In the questionnaires designed to test the trend effect in Paper I and II, we avoided 

explicitly stating that the probability had increased (decreased), or that it was higher (lower) 

than before. Different probability estimates were simply stated in chronological order. It is 
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possible that statements about probability revisions can carry pragmatic meanings similarly to 

single-bound statements if the change is emphasized, because the speaker then seems to 

emphasize the direction of change. An expert saying that an event is “more likely than 

before” may be taken to expect the event more strongly, and signal stronger advice compared 

to an expert simply stating the numbers, which may appear more neutral.  

Paper III primarily tested the effect of phrases that suggest that the target probability 

should be contrasted to the stated probability: more than/less than, and over/under. For 

instance, the upper-bound phrase “less than X%” suggest that the chance is low, because it is 

low in comparison to X. Modifiers may also be assimilative. The term almost usually 

suggests values below the stated value (Ferson et al., 2015), and is thus also upper-bound, but 

was in Study 2 found to yield similar interpretations to “more than”. Boundary terms 

therefore differ not only by lower versus upper interval bound, but also whether they 

assimilate or contrast the stated value. 

Implications for Communicating Forecasts 

Conveying probabilities is already an important part of communicating possible 

climatic outcomes. As climate modeling becomes more powerful and sophisticated, its 

capacity to quantify uncertainties and generate probabilistic climate projections will improve. 

Expressing probabilities will therefore become even more important (Painter, 2013). The 

results of this dissertation have important implications for communicating probabilistic 

forecasts in the climate domain, but also in fields such as medicine, scientific communication, 

intelligence analysis, media, election forecasts, and business and finance.  

Communicators should be aware that their way of formulating chances can affect the 

way the audience understands the uncertainty as well as inferences they draw about the 

speaker. If past forecasts exist, Paper I and II suggest that presenting an updated forecast 

together with the past one can change how the updated forecast is perceived and how it is 

evaluated in hindsight. An upward revision makes receivers believe that the chance will 

increase even more, and makes the forecaster appear more certain. So, although revised 

forecasts disclose uncertainty and could be taken to indicate inconsistency, the present results 

suggest that if the aim is convincing, experts may well be open about their past ignorance or 

uncertainty, as increasing certainty makes receivers believe that one will be even more certain 

in the future. Single-bound terms such as “more than X% chance” or “almost X% chance” 

can produce similar trend effects, by creating an appearance of increasing chances, according 

to Paper III. They also leak information about the experts’ beliefs, so communicators should 
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be alert that a “more than” or “almost” formulation can make receivers believe that one 

expects the event more strongly than what is warranted by the numerical probabilities. 

Formulations can also affect how an expert is evaluated and how the forecast is 

judged in hindsight. This is an important finding because climate communication faces a trust 

problem. Especially among conservatives, trust in climate scientists is quite low (Hamilton, 

Hartter, & Saito, 2015; Leiserowitz, Maibach, Roser-Renouf, Smith, & Dawson, 2013). It is 

therefore relevant to understand how different ways of presenting data may affect 

evaluations. A downward revised probability is evaluated as less accurate if the event took 

place, compared to an upward revised or unrevised probability. Based on the trend effect, an 

event that fails to occur could make a forecast appear more correct if revised down than up, 

but this was not tested. We did also not test whether a “more than X%” forecast is perceived 

as more accurate if the event takes place compared to a “less than” forecast with matching 

probability level. However, as experts were more often believed to expect the event when 

using a “more than” compared to a “less than” frame, it is conceivable that they also seem 

more correct if the event actually happens. Moreover, for verbal probabilities, directionality 

affects listeners’ level of surprise upon learning the outcome of events and the perceptions of 

correctness of predictions (Teigen & Brun, 2003). The directionality signaled by single-

bound terms may therefore have similar effects. 

Although revisions could be taken to indicate uncertainty, Paper II suggests that rated 

competence and trust did not differ for experts who had revised probabilities up versus down, 

or between experts who had revised forecasts down-then-up, up-then-down, or not at all. If 

anything, trust was slightly lower for an expert who gave a single 60% forecast, compared to 

one who had revised it twice. This indicates that forecasters do not have to avoid information 

about past estimates out of fear of appearing incompetent or not trustworthy. Factors such as 

number of past forecasts and magnitude of change were not tested here, and could play a role.  

Forecast receivers also use revisions and boundary selection to decide whether experts 

agree or disagree. These results are important, because perceived agreement between climate 

scientists is shown to be crucial for people’s beliefs and acceptance of policy measures 

regarding climate change as well as other contested information (Lewandowsky, Gignac, & 

Vaughan, 2013; van der Linden, Clarke, & Maibach, 2015; van der Linden, Leiserowitz, 

Feinberg, & Maibach, 2015). If an expert wants to be perceived as in agreement with another 

expert, she should avoid to say that they have revised their estimates in opposite directions, 

but rather highlight same-direction revisions, or not mention revisions, according to Paper II. 

Moreover, if two experts have conflicting estimates, they may still appear to be on the same 
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page if their estimates are made at different points in time. In this case, the diverge may be 

seen as indicative of a trend rather than a conflict. In a different study, we found also 

speakers’ choice of boundary to affect perceived agreement (Løhre, Sobkow, Hohle, & 

Teigen, 2018). Two experts who gave forecasts about the same target event were perceived as 

disagreeing more if their selected boundary differed (e.g., A says: “over 50%”, B says: 

“under 50%”), compared to if their stated numerical probability differed (e.g., A says: “over 

50%”, B says: “over 70%”). Similarly, an expert who had revised her forecast seemed to have 

changed her opinion more if she had changed the boundary compared to the numeric 

probability (Løhre et al., 2018). Thus, experts who aim to appear in agreement, should use the 

same boundary term. To appear consistent with their own earlier estimates, experts should 

frame new estimates with the same boundary term as past ones.  

Single-bound statements may facilitate the processing of probabilities by conveying a 

gist of what the speaker means, and thereby make it easier to convert numbers into decisions. 

Many users of climatic forecasts prefer to receive information in a way that facilitates yes/no 

decision-making, but may not have clear guidelines for the confidence required for them to 

take action (Taylor, Dessai, & Bruine de Bruin, 2015). A single-bound frame may serve as a 

cue that facilitates decision-making, if the emphasized boundary is a meaningful value, such 

as an acceptable risk level. However, there is also potential of such phrases to be interpreted 

as a signal to act or not even when unintended by the speaker. If the boundary is selected for 

other reasons than argumentative ones, pragmatic inferences may remain and 

misunderstandings arise. For instance, an adverse event may be said to be “more than 20% 

likely” not to encourage action or sound warning, but as a rounding to the closest round 

number, or due to a lack of knowledge about the exact probability. Moreover, when single-

bound statements are used in media reports, they can reflect direct quotes from experts, but 

may also be journalists’ “translation” of a precise probability to an expression that is rounder 

and maybe supposedly more informative. In these cases, the selected boundary may reflect 

the attitudes and judgments of the media outlet or the journalist rather than the expert, 

although this may not be clear to the readers. Similarly, an upward revised probability may 

create the unwarranted impression that the event will probably happen, while a downward 

revision makes it seems like it is on its way to not happen. Communicators should be aware 

of the surplus meanings these terms and revisions entail, to avoid misunderstandings and 

unintended interpretations. 

In order to avoid miscommunication due to the surplus meanings of single-bounds, it 

could help to state both boundaries, although this was not tested in the present studies. To 
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reduce miscommunication due to the trend effect, an obvious strategy is to only present the 

most recent forecast when possible. Presenting more than two forecasts may also help. When 

people in Paper II were told about a third, earlier forecast not in line with the “trend”, they 

became less likely to expect a future forecast to become yet more extreme. In another study, 

we found that people relied less on the most recent trend also when predicting time series 

data, if they were provided data from further back in time that made the trend less obvious 

(Hohle & Teigen, 2017). Another remedy could be to explain the revision. Although we 

found no evidence that the effect disappeared when participants came up with their own 

reasons for why the forecast might have changed (Paper II, Study 1), certain explanations 

given by the speaker might remove extrapolation. Maglio and Polman (2016) found that an 

increased probability was no longer seen as more certain than a decreased one when 

participants were told that no new information was expected, meaning that the forecast would 

not be revised again. Thus, explaining that a revision is unique, or that the revision gives no 

information about future direction of change, could possibly dampen the effect.  

However, the present findings can also be relevant to marketing and the literature on 

persuasion. Previous research has found verbal probability terms with positive directionality 

to be seen as more recommending than negatively directed expressions (Teigen & Brun, 

1999). The directionality implied in single bounds discovered in the present research suggests 

that opposing boundary also vary in recommendation level. For instance, “there is a more 

than 50% chance that the medicine is effective” should sound more recommending than a 

“less than 70%” framing (for positive outcomes). Also revised probabilities may have similar 

persuasive effects. Recent studies have shown that revisions in chance of effectiveness affect 

willingness to test a product (Maglio & Polman, 2016), and direction of risk revisions can 

affect allocation of money to projects aimed at preventing the risk (Erlandsson et al., 2018) 

and willingness to pay for a product that will reduce the risk (Maglio & Polman, 2016). 

Relatedly, people are more likely to engage in a behavior if informed that the percentage of 

people performing this behavior has increased, compared to if they are only told the most 

recent proportion. This effect of trending norms is mediated by a greater projected percentage 

of people doing the behavior in the future (Mortensen et al., 2017). Taken together, 

potentially effective approaches to motivate people to engage in sustainable behavior are to 

inform about the increased probability of a climate-related problem, about the increased 

efficacy of a target behavior, or that the number of people performing the behavior has 

increased. In light of the trend effect and the studies on trending norms, information about 

experts agreeing on a topic could sound more convincing if fewer experts agreed before. 
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Future studies could test how revised probabilities and single-bound terms affect other types 

of behavior, such as decisions to stay vs. evacuate based on the risk of a natural disaster. The 

findings can be also applied in the nudging framework to create choice architecture that 

favors sustainable decision making (Thaler & Sunstein, 2008). 

Future Directions 

The present set of studies were tested on just two languages (Norwegian and English), 

with samples with no claim of representativeness (Paolacci & Chandler, 2014). Research 

participants were from either Norway or the US, and were often university students. In other 

words, we studied samples from WEIRD (Western, Educated, Industrialized, Rich, and 

Democratic) societies (Henrich, Heine, & Norenzayan, 2010), which may clearly influence 

the generalizability of the findings to other samples. However, if samples of educated lay 

participants interpret climate forecasts in a biased way in line with a trend, and draw 

pragmatic inferences from single-bound probabilities, there is little reason to believe that 

more representative samples of the general population in the US or Norway will have a more 

“rational” interpretation of the forecasts.  

However, future studies could test the trend effect in other cultures. Past research has 

illuminated cultural differences in perceptions of change. Whereas North Americans 

generally expect trends to continue, Chinese people are more likely than North Americans to 

expect reversals of trends (Ji, Nisbett, & Su, 2001; Ji, McGeorge, Li, Lee, & Zhang, 2015). 

These different theories of change are even shown to affect the behavior of experienced stock 

investors. Chinese stock investors were less willing to sell a decreasing stock than North 

Americans, presumably because they were more likely to believe the stock could increase in 

value again (Ji, Zhang, & Guo, 2008). Reactions to revised probabilities may therefore also 

differ between cultures. In an unpublished pilot study, we sought to compare the trend effect 

in China and the US. Results were mixed, but showed no evidence of reversed trends among 

Chinese participants. While the American respondents displayed a trend effect in both 

vignettes they were given, Chinese respondents answered in line with a trend effect in only 

one of the vignettes3. Although no strong conclusions can be drawn from this study, it does 

                                                 
333 We recruited 170 US located participants through Amazon Mechanical Turk and 232 Chinese participants 

through the Chinese crowdsourcing platform Zhubajie/Witmart (Li, Shi, & Zhu, 2018). After excluding 

participants who failed an attention check (4.1% of American and 32.8% of Chinese respondents), a total of 163 

American respondents and 156 Chinese respondents remained for analysis. In the first of two vignettes, 

participants were told about forecasts of agricultural productivity, in an adapted version of Study 3 in Paper I. 

Across three conditions, probabilities had either increased, decreased, or only one forecast was revealed. When 

asked to predict the probability in a future forecast, results were in line with a trend effect for the American 

sample, but not for the Chinese sample. While Americans predicted a higher future probability for a forecast that 
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not exclude the possibility of cultural differences in the trend effect. This represents an 

important and promising avenue for future research.  

The effect of revised probabilities and single bounds were in our studies to some 

extent affected by personal belief in climate change, suggesting that individual differences 

may play a role. It would be interesting to test if individual factors that are known to relate 

with understanding and use of numerical information, such as cognitive reflection (Frederick, 

2005) and numeracy (Reyna et al., 2009) may moderate the effects and their consequences.  

For the trend effect, it could be worth exploring whether the amount of time between 

the original and the updated forecast plays a role for predictions and implications. A related 

point is how people will predict forecasts in different distances into the future. In our studies, 

the time separating the two first forecasts (from 2 weeks to 13 years) always matched the 

time separating the most recent and the future forecast. If one year separated T1 and T2, 

participants predicted the forecast one year from now. If, however, people are given the 

forecasts in year 2008 and year 2018, and are asked to predict the forecast of 2019, what will 

they do? What if they have the forecasts from January and February 2018, and are asked to 

predict a forecast for year 2025? How far into the future people are willing to extrapolate 

could be examined in future work. 

We discovered that single-bound probabilities share pragmatic functions with verbal 

probabilities in conveying attentional focus and trends. Past research has found that verbal 

probabilities have yet another pragmatic function, namely to soften the communication of an 

upsetting truth (Bonnefon & Villejoubert, 2006). Future studies may explore if single-bound 

                                                 
had been revised upwards compared to downwards, there was no difference among Chinese respondents. In the 

second vignette, participants were in three conditions told that the risk of a moderate earthquake had increased 

(from 3 to 5 on a scale from 0 to 10), decreased (from 7 to 5) or was the same at two points in time (5 and 5). 

They were told that a new risk estimate would be issued in two days, and were asked how likely they judged it 

to be that the risk level increased, decreased or remained the same. In other words, they produced one 

probability for each of the three possibilities. Results of this vignette were in line with a trend effect for both 

samples. In both China and the US, participants in the increase condition gave a higher probability for a future 

increase compared to decrease in risk level, while participants in the decrease condition indicated that a lower 

future risk was more likely than a higher risk. Probability estimates were of similar magnitude in the two 

countries. Moreover, the worry level of inhabitants was in both cultures rated to be significantly higher in the 

increase compared to the decrease condition. In other words, a trend effect was found in both vignettes in the 

American sample, but in only one of the vignettes in the Chinese sample. This could have many explanations. 

While the first vignette concerned long-term forecasts (grain productivity in year 2100), with ten years between 

the revised reports, the second vignette concerned an imminent risk, with two days separating the risk estimates. 

The earthquake risk also represents a naturally binary outcome (will happen or not), whereas the probability in 

the agriculture vignette concerns the probability of a specified interval outcome (wheat yield will be 5 tons or 

more per hectare). People may also have a mental model that a predicted earthquake will happen sooner or later. 

All these factors may create a stronger sense of momentum for the earthquake risk compared to the agricultural 

probability, which may make a trend effect more robust independent of culture for this specific outcome. 

Because questionnaires were in English, and no test of the Chinese participants’ comprehension level was 

included, the reliability of these results is questionable and no strong conclusions can be drawn. 
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probabilities also share this function. Specifically, verbal probability expressions are 

repeatedly found to be interpreted as conveying a higher likelihood for severe compared to 

more neutral outcomes (Bonnefon & Villejoubert, 2006; A. J. Harris & Corner, 2011; Weber 

& Hilton, 1990), a finding Bonnefon and Villejoubert (2006) explained as perceived 

politeness. In their experiment, participants were told that a doctor said it was possible that 

they had either a severe (deafness) or a less severe (insomnia) medical condition. Not only 

was the term thought to reflect a higher probability for the severe outcome. When describing 

a severe outcome, possible was also more often thought to serve a face-management purpose 

(that the doctor wished to announce the news tactfully) rather than reflecting uncertainty (that 

the doctor was not sure). This suggests that verbal probabilities referring to severe events are 

more likely to be interpreted as politeness markers rather than expressions of likelihood, and 

that listeners in response adjust the risk upwards to match the speaker’s assumed opinion. In 

certain contexts, single-bound estimates could have a similar politeness interpretation, as they 

like verbal probabilities are a form of hedging (Ferson et al., 2015; Lakoff, 1973) that can 

mask potential outcomes in vagueness. Future research could test if single-bound estimates 

given by a doctor are translated to higher probabilities for more threatening news, and if they 

are interpreted as politeness makers. The directionality of the statement is likely to play a 

role. For instance, framing a negative outcome with an upper bound (“it is less than 30% 

likely that the tumor is malignant”) could indicate face-managing to a greater extent than a 

lower-bound statement (“it is more than 10% likely that the tumor is malignant”). 

A possible implied politeness of single-bound probabilities is perhaps less relevant for 

climate communication, as communicating climate change is more about making people act 

than protecting their feelings. However, verbal probabilities may not only serve to protect the 

feelings of people who receive face-threatening news (hearer face-management), but also to 

protect the speaker’s face, by protecting them from blame if they are is wrong. In a 

replication of Bonnefon and Villejoubert’s (2006) study, people were again asked why the 

doctor said a severe vs. less severe medical condition was possible. Participants could choose 

between the hearer face-management interpretation, the uncertainty interpretation, and a new, 

third option: That the doctor “wants to be cautious in her assertion in case the diagnosis turns 

out to be wrong” (speaker-face-management-interpretation). A majority of participants 

selected the latter option for both the severe and the less severe condition (Juanchich, Sirota, 

& Butler, 2012). Such protection of the speaker’s face is more relevant in a climate-context, 

where experts have to balance the risk of being too alarming (cry wolf effect) versus not 

alarming enough, which may both lead to blame. On the one hand, speakers may be blamed 
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more when expressing a chance as a single-bound estimate rather than the full interval, as the 

implied direction of the single boundary is more suggestive of opinions and advice. On the 

other hand, stating a single boundary could cause less blame if the direction of the expression 

matches the outcome (e.g., a “less than 50% chance of deafness” versus “a 30–50% chance of 

deafness”, if the outcome is not deafness). Past research has revealed that while listeners 

prefer to receive “worst case” information (e.g., the maximum price you have to pay for a 

product), advisors are more reluctant to give worst case information, and more often prefer to 

highlight the other boundary (e.g., the minimum price) perhaps from fear of being blamed or 

from a desire to sound more encouraging (Halberg & Teigen, 2009). Accordingly, speakers 

may prefer to deliver potentially bad news with an upper-bound probability estimate in order 

to avoid blame if the outcome does not occur (“it is less than 30% likely that the tumor is 

malignant”). However, this could depend on factors like whether it is possible for the listener 

to lower the chance of the outcome or its harmful consequences, such as is often the case for 

climate risks. Whether different expressions (lower-bound vs. upper-bound vs. two-bound) 

are interpreted as speaker-face-management, and how much speakers are blamed if events 

occur versus fails to occur, can be explored by future research. These topics could also be 

studied by turning from the listener’s perspective explored in this dissertation, to examine the 

usage of single-bound estimates from a speaker’s perspective.  

Conclusions 

Important decisions often rely on expert’s forecasts. How experts’ knowledge is 

transferred and picked up is therefore essential to decision making on an individual scale–

whether to take a medicine, get a tent for the wedding ceremony or vote for the climate 

sceptic party–as well as on a national and global scale–whether to build flood protection, 

keep a reserve reservoir for grain, or evacuate citizens from a landslide prone area. The 

present thesis studies forecasts from a receiver’s viewpoint, and shows that the way 

probabilistic forecasts are communicated affect receivers’ interpretation. Revised 

probabilities created an idea that the uncertainty will change in the same direction in the 

future among a majority of participants. Impressions of an increasing likelihood can even 

arise from an expert’s choice to describe a probability as more than, over or almost X% 

chance rather than less than or under X% chance. Communicators should be aware that the 

qualitative message implied in uncertainty statements may interfere with or even override 

their quantitative message. 
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Forecasting forecasts: The trend effect

Sigrid Møyner Hohle∗ Karl Halvor Teigen†

Abstract

People often make predictions about the future based on trends they have observed in the past. Revised probabilistic fore-

casts can be perceived by the public as indicative of such a trend. In five studies, we describe experts who make probabilistic

forecasts of various natural events (effects of climate changes, landslide and earthquake risks) at two points in time. Prognoses

that have been upgraded or downgraded from T1 to T2 were in all studies expected to be updated further, in the same direction,

later on (at T3). Thus, two prognoses were in these studies enough to define a trend, forming the basis for future projections.

This “trend effect” implies that non-experts interpret recent forecast in light of what the expert said in the past, and think, for

instance, that a “moderate” landslide risk will cause more worry if it has previously been low than if it has been high. By

transcending the experts’ most recent forecasts the receivers are far from conservative, and appear to know more about the

experts’ next prognoses than the experts themselves.

Keywords: climate forecasts, predictions, risk communication, trends, evaluability.

1 Introduction

Predictions of future events, like climate changes, are rarely

made with certainty and can, at best, be described in proba-

bilistic terms. New observations and improved models will

lead to updated predictions, where the original estimates are

revised, upwards or downwards, as the case may be. For in-

stance, each month the International Research Institute for

Climate and Society issues a seasonal climate forecast for

the entire globe, including the likelihood of the weather phe-

nomenon El Niño. The February 2015 forecast stated that

“Based on the latest models, the chance of an El Niño devel-

oping during the current (February-April) season is around

48%, down from 63% last month” (Gawthrop, 2015, Febru-

ary 20). How do people perceive such revised forecasts? If

the chance of an El Niño has decreased from 63% in January

to 48% in February, what will happen in March?

Revised forecasts such as these could give rise to differ-

ent expectations for future developments. For the present

purpose, we will distinguish between three strategies. One

would be simply to discard the first estimate and stick to the

last, updated estimate as the best forecast available. Alter-

natively, the existence of two different estimates might be

taken to mean that “the truth” lies somewhere in between.

This strategy would lead to future estimates that are more

regressive (more “conservative”) than the most recent ones.
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Thirdly, the change from the first to the second estimate

could be viewed as a trend towards increased or decreased

certainty that might be extrapolated into an even more ex-

treme future: In March, the chance of an El Niño will be

even lower than 48%. In the following, we will refer to

these three strategies as predicting “no change” (i.e., from

the most recent forecast), a “reversed trend”1, and a “con-

tinued trend”, respectively.

Studies of trend perceptions in other areas have amply

demonstrated that people use autocorrelations within a time

series to extrapolate trends, thinking that an increasing trend

will continue to increase, and a decreasing trend will con-

tinue to decrease, although somewhat less steeply (trend

damping) (Harvey & Reimers, 2013; Lewandowsky, 2011;

Svenson, 1991). These studies have typically involved a se-

ries, rather than just two, observations prior to predictions.

Moreover, they have focused on judgment-independent ob-

servations and measurements, rather than expert predictions.

The task of predicting a forecaster’s future predictions,

which is the theme of the present studies, could be a chal-

lenge. On one hand, probabilistic predictions that have al-

ready been revised once suggest that the forecaster may

change her mind again in the future. On the other hand,

we do not know in which direction. If the expert herself had

suspected that her future probability estimates, at T3, would

be higher rather than lower, this should have been incorpo-

rated in her probability estimate already, at T2. The receiver

of a revised forecast may suspect that the present forecast

will not be the final one, but without further privileged in-

formation, the most reasonable option is arguably to keep

the most recent forecast as the best guess. Whether and how

1This category would include all estimates that are below an ”upgraded”

or above a ”downgraded” estimate.
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the forecast has changed relative to a past estimate should

not affect the prediction of the subsequent forecast.

Observations from football betting (Tassoni, 1996) and

the stock market (Shefrin, 2001), suggest that bettors and

investors “overreact” to recent positive performances, ap-

parently looking for positive trends that they believe will

continue into the future (Offerman & Sonnemans, 2004).

Such trend perceptions are formed quickly. Carlson and Shu

(2007) found evidence for a “rule of three”, which indicates

that three observations in a row are all it takes to form a

perceived “streak”, suggesting that more of the same will

follow. In Carlson and Shu’s experiments the observations

were either identical to each other (e.g., three successful out-

comes in a row), or forming a linear increase (e.g., an invest-

ment object going up 1% on three consecutive days). These

streaks were observed in domains where outcomes are sur-

rounded by considerable uncertainty (gambles, stock prices,

basketball shots), and could partly or wholly be attributed to

chance factors. In the present research, we suggest an even

simpler “rule of two” for deliberate, non-chance changes

in estimates. When the International Research Institute up-

dates their probability of El Niño they do not produce their

estimates by rolling dice, but by entering new observations

into complex and well-tried models. The deliberateness and

apparent reliability of this process lend the estimates an air

of objectivity; so two estimates may be enough to demon-

strate the existence of a “true” decrease or increase. The

trend from T1 to T2 is in this case obvious, the question

being simply whether it is predicted to continue. Such pro-

jections will in the present paper be called a trend effect.

Results compatible with a trend effect were obtained in

a study by Juanchich, Teigen and Villejoubert (2010, Table

2). In one of their experiments, participants were told about

a suspect whose probability of guilt was estimated by a pro-

filer at two separate occasions, T1 and T2. In two conditions,

the profiler revised his probabilities upward from .40 to .60,

or from .20 to .40, after taking new evidence into account. In

two other conditions, the probability was revised downward

from .80 to .60, or from .60 to .40. The study was primar-

ily about verbal communication of probabilities, but partici-

pants were also asked how strongly they were convinced that

the suspect was guilty. This was expected to be a function

of the most recent probability estimate, at T2 (.40 vs. .60),

but might also be related to the direction of revision (trend).

Both effects were confirmed by a 2 x 2 analysis of variance

(not reported in the original publication), which yielded a

significant main effect of probability magnitude, F(1,121) =

9.71, p < .002, η2
p = .07, and also a significant main effect

of trend, F(1,121) = 14.37, p = .001, η2
p = .11 (no signifi-

cant interaction). This is interesting, as it indicates that the

same probability at T2 will differentially affect participants’

beliefs, dependent upon its value in the past. In this case, re-

duced probabilities were regarded as clearly less convincing

than identical probabilities that were the result of an increas-

ing trend. It is as if the participants were predicting that next

week, evidence might be found that will further weaken the

likelihood of guilt in the first case, and strengthen the sus-

picion in the second. In other words, they may think of the

revised probabilities as indications for some sort of mono-

tonic trend that will continue into the future.

1.1 The present research

In this article we propose and test the idea that one revi-

sion of a probabilistic forecast is perceived as indicative of a

trend that is expected to continue in subsequent revised fore-

casts. Consequently, when faced with an upgraded forecast,

people will predict further upgrades to take place later on,

while a downgraded forecast will cause predictions of lower

forecasts in the future.

In five studies, and across a variety of climate-related do-

mains, we examined the effects of a change between two

forecasts at T1 and T2 on receivers’ predictions of a future

forecast at T3. The main focus was on revised probabilities,

but people’s forecasts about other projected quantities, such

as the most likely future sea level rise, were also examined.

Studies 1–3 explored people’s predictions of future forecasts

concerning sea level rise, temperature change and agricul-

tural productivity by the year 2100, after receiving current

forecasts that had been updated from an initial, higher or

lower value. The forecasts were produced either by a hu-

man judge (a climate scientist) or by a computer. Study 4

examined the perception of revised landslide risks that were

expressed categorically, according to a simple color scheme.

Participants were in this study asked who would be most

worried by a “moderate” (yellow) risk: people who learned

that it used to be “serious” (red), or those who knew it used

to be minor (green). In Study 5 we compared the perception

of revised earthquake risks for areas that were presented to-

gether (joint mode) or singly (separate mode). In this study

the reduced risk was consistently higher than the stable and

the increased risk, pitting trend information against infor-

mation about risk levels.

2 Study 1: Predicting the next cli-

mate forecast

2.1 Method

A questionnaire was given to 62 students taking part in an

introductory course in educational science at the University

of Oslo (79% female, age: M = 21.5, SD = 3.4).

All respondents were informed about the conclusions of

two reports written by a fictional climate scientist, Heidi

Knutsen, concerning sea level rise and temperature change

by year 2100. The predictions were allegedly made at two

http://journal.sjdm.org/vol10.5.html
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Table 1: Predicted forecasts for sea level and temperature rise after increase or decrease in previous forecasts, Study 1. N =

62.

Prediction strategy, n (%)

Forecast Trend (T1 − T2)
Mean predicted

forecast T3 (SD)

Continued

trend
No change

Reversed

trend
N

Sea levela Decrease (60 cm – 40 cm) 36.9 cm (18.2) 18 (53%) 4 (12%) 12 (35%) 34 (100%)

(quantity) Increase (20 cm – 40 cm) 50.1 cm (15.8) 18 (64%) 6 (21%) 4 (14%) 28 (100%)

Temperatureb Decrease (80% – 70%) 62.2% (11.1) 21 (66%) 7 (22%) 4 (13%) 32 (100%)

(probability) Increase (60% – 70%) 75.4% (15.7) 21 (78%) 2 (7%) 4 (15%) 27 (100%)

T1: Experts’ forecast in 2000; T2: Experts’ forecast in 2013; T3: Predicted forecast in 10 years.
a Most likely sea level rise in year 2100, relative to 2000; b Probability of a temperature increase of about 3 °C by

2100, relative to 2000.

different points in time. For half of the participants, es-

timates increased from the first report to the second. For

the other half, the values decreased. Respondents were ran-

domly assigned to four conditions, in a 2 x 2 design, with

presentation order (sea level estimates first/last) and direc-

tion of trend (increasing/decreasing) as the two factors. Af-

ter a brief introduction, the two scenarios were described as

follows [decreasing estimates in brackets].

Sea level rise. In 2000, Heidi Knutsen concluded

that the global sea level in year 2100 most likely

would be 20 [60] cm higher than in 2000. In her

most recent report (2013), she concludes that the

global sea level in 2100 most likely will be 40

cm higher than in 2000. In her most recent re-

port (2013) she concludes that the global sea level

in 2100 most likely will be 40 cm higher than

in 2000. Knutsen continues to gather informa-

tion and improve her models. Imagine that she

in ten years publishes a new report on sea level

rise. What do you think she will now consider as

the most likely sea level in 2100?

In 2100 the sea level will be ___ cm higher than

in 2000.

Temperature rise. In 2000, Heidi Knutsen con-

cluded that it is 60% [80%] likely that the global

mean temperature in year 2100 will be about 3°C

higher than in 2000. In her most recent report

(2013), she concludes that this temperature in-

crease is 70likely. Knutsen continues to gather in-

formation and improve her models. Imagine that

she in ten years publishes a new report about tem-

perature changes. What do you think she will con-

clude in her new report?

It is ___% likely that the temperature will increase

with about 3°C by year 2100.

2.1.1 Climate change beliefs.

After making their predictions of the expert’s future fore-

cast, all participants answered a questionnaire concerning

their own climate beliefs. This measure, originally de-

veloped by Austgulen (2012), consisted of ten statements

(example item: “Climate change is just natural variation

in the temperature of the earth”), to be rated on Likert

scales ranging from 1 (completely disagree) to 5 (com-

pletely agree).2 Five items indicating climate skepticism

were reverse scored, and answers in the response category

“I don’t know” were recoded as 3 (neutral), to yield an over-

all score for belief in human-caused climate change. This

measure was included to assess whether the present sample

was comparable to the Norwegian population at large, and to

investigate whether personal attitudes affected participants’

expectations of future forecasts.

2.2 Results and discussion

Mean predictions of the expert’s future prognoses are sum-

marized in Table 1. Two-factor (order x trend) ANOVAs for

each scenario reveal a highly significant main effect of trend

upon future sea level predictions, F(1, 58) = 9.34, p = .003,

η2
p = .139, and a similar effect upon future probability es-

timates, F(1, 55) = 16.49, p < .001, η2
p = .231. (There was

also an indication of order effects, as the estimates were gen-

erally lower, and the difference between trends more con-

spicuous in the temperature first conditions. However, none

of these main effects or interactions reached significance.)

As shown in Table 1, participants who had been told that

Knutsen’s past predictions of sea level had increased from

20 to 40 cm thought that her future prognosis would be on

the average 50.1 cm, adding 10 cm to her most recent esti-

mate. Those who were told that her prognosis had decreased

2All items are listed as variable labels in the data file.
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from 60 to 40 cm were less in agreement about their future

projections, but their estimates were on average consider-

ably lower, suggesting a mean sea level rise of 36.9 cm as

Knutsen’s future prognosis.

The probability scenario yielded similar findings. Knut-

sen’s probability of a 3 °C temperature increase was be-

lieved to become still higher (from 70% to 75.4%) in the

increase condition, and still lower (from 70% to 62.2%) in

the decrease condition. Overall, a majority of participants

projected the trend observed in Knutsen’s past predictions

into the future, indicating higher values than Knutsen’s last

estimate when the trend was increasing, and lower values

than her last estimate when it had been decreasing, as shown

in the right half of Table 1. Only a small minority (16%)

thought that her most recent estimates would serve as a “best

guess” of her future estimates. Among those who predicted

a change, continued trends were much more common than

reversed trends (p < .001 by binomial tests).

The climate belief questionnaire showed that participants

were overall more climate change believers than skeptics,

with a mean score of 3.81 (SD = 0.73). This comes close

to the results from Austgulen’s (2012) national sample with

1500 participants, with participants in the present study be-

ing slightly less skeptical than the national sample about cli-

mate change caused by human behavior.

Interestingly, probability estimates correlated positively

with climate beliefs both in the increasing (r = .48) and the

decreasing (r = .36) conditions. Also estimated sea level rise

correlated positively with climate beliefs in the increasing

condition (r = .40), but not in the decreasing condition (r

= –.19). All positive correlations are significant at the .05

level. For sea-level rise, the interaction between beliefs and

direction was significant (p = .034), although the main effect

of direction (but not beliefs) was still significant (p = .006)

when the interaction term was excluded. Thus, participants’

estimates of what the climate expert is going to say in ten

years are determined by the observed trend in the forecasts

combined with their individual beliefs about climate change.

3 Study 2: Computers versus human

forecasters

Study 1 did not make it entirely clear to participants how

the forecasts were obtained. Participants were told that

“since different climate models give different expectations

of the future climate, and because scientists get new in-

formation and develop their models, their prognoses may

change”. However, it was not explicitly stated whether prog-

noses were based on climate models alone or in combination

with human judgment. Respondents might assume that the

expert’s opinions and intuitions played a part as well. Hu-

man judges are known to modify their original judgments

rather slowly, due to some bias, such as conservatism (Ed-

wards, 1968), confirmation bias, a need to appear consistent,

or anchoring and under-adjustment (Tversky & Kahneman,

1974). Thus one might argue that the forecast at T2 might

have been revised too little, and that it would still take time

and another report for the expert to bring her forecasts in ac-

cordance with the available information. This might justify

an expectation of future revisions. This explanation would,

however, apply only to forecasts made by a (biased) human

forecaster, and not to forecasts made by a mechanical de-

vice. Study 2 was designed to control for this possibility,

by comparing forecasts produced by a human expert with

forecasts produced by a computer.

3.1 Method

Participants were 243 American respondents recruited

through the online subject pool Mechanical Turk (53%

male, age: M = 34.9 years, SD = 11.7, seven respondents

were removed due to failed attention check). Most respon-

dents (85.1%) reported to have at least some college edu-

cation. Respondents were presented with the same tem-

perature scenario as in Study 1, except that half of partic-

ipants were told that the forecasts were obtained by a com-

puter model. The other half was told that a climate scien-

tist produced the forecasts. Participants were randomly al-

located to four conditions, in a 2 x 2 design, with forecaster

(computer/climate scientist) and direction of trend (increas-

ing/decreasing) as the two factors. All participants were

asked to predict the future probability of a temperature rise

of about 3 °C (5.4 °F), as in Study 1. The vignettes given

to participants in the two forecaster conditions are presented

below [decreasing estimates in brackets].

Computer forecasts. A large meteorological in-

stitute has over the past 15 years used an ad-

vanced computer program to predict future cli-

mate changes. The projections are based on com-

plex climate models, integrating a large variety

of information relevant for the climate. Climate

prognoses may change over time, because of im-

proved models or changes in the factors affecting

the climate. Imagine that the institute has released

two reports on future temperatures, based on the

computer model. In 2000, output from the com-

puter model indicated that it is 60% [80%] likely

that the average global temperature by year 2100

will be about 3 °C (5.4 °F) higher than in 2000.

In the most recent report (2013), output from the

computer model indicated that it is 70% likely that

the average global temperature by 2100 will be

about 3 °C (5.4 °F) higher than in 2000. Imag-

ine that the computer model in 10 years is used to

project the future temperature change. What do

you think the output will indicate this time?
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Table 2: Predicted forecasts for temperature rise after increase or decrease in previous forecasts. Forecasts are produced by

climate scientist or computer model, Study 2. N = 243.

Prediction strategy, n (%)

Forecaster Trend (T1 − T2)
Mean predicted

forecast T3 (SD)

Continued

trend
No change

Reversed

trend
N

Human Decrease (80% – 70%) 63.8% (15.2) 40 (65%) 8 (13%) 14 (23%) 62 (100%)

Increase (60% – 70%) 76.7% (11.2) 48 (83%) 3 (5%) 7 (12%) 58 (100%)

Computer Decrease (80% – 70%) 59.5% (20.1) 45 (74%) 6 (10%) 10 (16%) 61 (100%)

Increase (60% – 70%) 69.2% (21.0) 39 (63%) 7 (11%) 16 (26%) 62 (100%)

All forecasts give the probability of a temperature increase of about 3 °C by 2100, relative to 2000.

T1: Forecast in 2000; T2: Forecast in 2013; T3: Predicted forecast in 10 years.

It is ____ % likely that the average global temper-

ature by 2100 will be about 3 °C (5.4 °F) higher

than in 2000.

Human forecasts. Dr. Mary Johnson is a climate

scientist. Over the past 15 years, Dr. Johnson has

been predicting future climate changes. Her pro-

jections integrate a large variety of information

relevant for the climate. Climate prognoses may

change over time, because of improved models or

changes in the factors affecting the climate. Imag-

ine that Dr. Johnson has released two reports on

future temperatures. In 2000, Dr. Johnson’s re-

port indicated that it is 60% [80%] likely that the

average global temperature by year 2100 will be

about 3 °C (5.4 °F) higher than in 2000. Dr. John-

son’s most recent report (2013) indicated that it is

70% likely that the average global temperature by

2100 will be about 3 °C (5.4 °F) higher than in

2000. Imagine that Dr. Johnson releases a new

report in 10 years about the future temperature

change. What do you think her report will indi-

cate this time?

It is _____ % likely that the average global tem-

perature by 2100 will be about 3 °C (5.4 °F)

higher than in 2000.

3.1.1 Climate change beliefs

After submitting their predictions participants rated their be-

liefs in human-caused climate change on an English transla-

tion of the climate questionnaire used in Study 1.

3.2 Results and discussion

A majority of participants in all conditions predicted a con-

tinued trend, as shown in Table 2, resulting in higher prob-

ability estimates at T3 for increasing than for decreasing

trends. A two-factor (forecaster x trend) ANOVA yields a

significant main effect of trend, F(1, 239) = 25.64, p < .001,

η2
p = .097. There was also a significant main effect of fore-

caster, F(1, 239) = 16.49, p < .001, η2
p = .231, with com-

puter forecasts around 5 percent points lower than human

forecasts (no significant interaction).

Participants who were told that a climate scientist pro-

duced the forecasts predicted similar future changes as did

the Norwegian students in Study 1, replicating the trend ef-

fect in an online study with a different (American) sample.

Replacing the human expert with a computer did not

make the trend effect disappear. Only 10% retained the

T2 forecast as their best guess. Of those who predicted a

change from T2 to T3 a large majority suggested more trend

projection at T3, as indicated by a comparison between the

columns for continued and reversed trends in the table (bi-

nomial tests give p < .001 in all four conditions).

In the mean predicted forecasts, reported in Table 2, the

trend effects appear to be somewhat attenuated by large in-

dividual differences, with some participants giving very low

future probabilities. These low estimates, which mostly oc-

curred in the computer condition, might be due to the pre-

ciseness of the prognosis. The forecast described the prob-

ability of a temperature rise of about 3 °C. As the sample

in Study 2 was American, participants were informed about

the Fahrenheit equivalent of 3 °C (5.4 °F) in parenthesis, 5.4

perhaps suggesting a value too specific to be predicted as the

most likely temperature change ten years from now, given

the uncertainty surrounding climate changes. It would be

particularly unlikely in the case of a computer-made fore-

cast, which might be expected to contain exact values (in-

cluding decimals). The low probabilities given by some par-

ticipants could accordingly reflect an expectation of a future

“most likely value” different from (above or below) 3 °C.

However, considering the large proportion of participants

who follow the trends even in the computer conditions
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(68.3% vs. 73.3% in the human conditions, χ2 (1, 243) =

0.746, p = .388), it is evident that the trend effect is not

limited to forecasts produced by a human expert. Thus the

trend effect cannot be merely a way to adjust for a biased

forecaster.

Participants’ attitudes to climate change were similar to

those of participants in Study 1, with identical mean score,

M = 3.81 (SD = 0.87). As in Study 1, there was an associa-

tion between personal belief in climate change and expected

future probabilities. Belief in climate change was positively

associated with predicted probabilities in the increasing con-

ditions (computer condition: r = .40, p = .001; human expert

condition: r = .33, p = .011), but more mixed in the decreas-

ing conditions (computer: r = .25, p = .050; human: r = .03,

p = .799), where participants’ beliefs in climate changes and

the trend effect pull in opposite directions.

4 Study 3: Predicting the next grain

production forecast

This study was designed as a conceptual replication of Study

1, avoiding potential order effects by featuring only one sce-

nario. Instead of describing the probabilities of a specific fu-

ture quantity (“the likelihood of a temperature rise of about

3 °C”) the forecasts in Study 3 describe probabilities of a fu-

ture quantity above a specific value. In this way, high prob-

abilities in both present and future forecasts became more

plausible. Moreover, we chose predictions of agricultural

productivity, where the effects of climate changes (for better

or worse) are debatable. For instance, while warmer temper-

atures could increase the growing season and thus the cereal

productivity in Norway, new diseases and increased risk of

heavy rainfall could have a damaging influence (Yara, n.d.).

Therefore, forecasts about cereal productivity that are either

increasing or decreasing might be more realistic than the

trends presented in Studies 1 and 2.

4.1 Method

Participants were 101 students attending a course in psy-

chology at the University college of Lillehammer, Norway

(75% female, age: M = 21.6 years, SD = 5.1, two partici-

pants were removed due to extreme outliers or missing re-

sponses). Respondents were randomly assigned to one of

four conditions in a 2 x 2 design, with productivity esti-

mate (amount/probability) and direction of trend (increas-

ing/decreasing) as the two factors.

All groups were given a brief introduction about cereal

production in Norway and the uncertainty surrounding the

expected grain crops in year 2100, due to climate change.

They were told that Randi Rugstad, an expert on agricul-

ture and climate change, had written several reports on the

future of grain crop in Norway, which is commonly mea-

sured in terms of areal productivity (kg per acreage of land).

They then received her predictions framed either in terms of

increasing [decreasing] amounts, or in terms of increasing

[decreasing] probabilities of a given target amount.

Amounts. In 2000, Randi Rugstad concluded a

report that in year 2100 it will be produced 400

[600] kg of grain or more per decare (1000 m2). In

her most recent report (2013), Rugstad concludes

that the areal productivity will be higher [lower].

She now estimates it to be 500 kg or more per

decare. Rugstad continues to gather information

on grain production and climate changes. Imagine

that she issues a new report in ten years. How do

you think she will conclude?

In 2100 it will be produced ____ kg of grain or

more per decare.

Probabilities. In 2000, Randi Rugstad concluded

a report that in year 2100 it will be produced 500

kg or more grain per decare (1000 m2), with a

probability of 50% [70%]. In her most recent re-

port (2013), she concludes that the probability for

this productivity is higher [lower]. She now es-

timates a probability of 60%. Rugstad continues

to gather information on grain production and cli-

mate changes. Imagine that she issues a new re-

port in ten years. How do you think she will con-

clude?

She now estimates a probability of ____% for pro-

ducing 500 kg grain or more per decare.

4.1.1 Climate change beliefs

Participants were subsequently asked to indicate their agree-

ment with the statement: “I’m sure that human-made cli-

mate changes occur”, on a scale from 1 (completely dis-

agree) to 5 (completely agree).

4.2 Results and discussion

As in the previous studies, most participants saw the

changes in the expert’s reports from T1 to T2 as indication

of trends they thought would continue into the future. When

Rugstad’s estimates of grain productivity increased from

400 to 500 kg, 52% thought that her next estimates would

be above 500 kg, whereas 77% of those who were told that

her estimates were reduced from 600 to 500 kg guessed that

her future estimates would be below 500 kg (see Table 3).

Participants in the probability conditions similarly thought

that an increased certainty from T1 to T2 would lead to even

higher certainty estimates in the future, and vice versa for re-

duced certainty estimates. There were more trend followers
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Table 3: Predicted forecasts for grain production after increase or decrease in previous forecasts, Study 3. N = 101

Prediction strategy, n (%)

Forecast Trend (T1 − T2)
Mean predicted

forecast T3 (SD)

Continued

trend
No change

Reversed

trend
N

Amounta Decrease (600 kg – 500 kg) 425.8 kg (58.5) 20 (77%) 4 (15%) 2 (8%) 26 (100%)

Increase (400 kg – 500 kg) 511.8 kg (100.1) 15 (52%) 6 (21%) 8 (28%) 29 (100%)

Probabilityb Decrease (70% – 60%) 48.3% (10.3) 21 (88%) 1 (4%) 2 (8%) 24 (100%)

Increase (50% – 60%) 65.3% (9.7) 16 (73%) 2 (9%) 4 (18%) 22 (100%)

T1: Experts’ forecast in 2000; T2: Experts’ forecast in 2013; T3: Predicted forecast in 10 years.
a Minimum grain production in year 2100, in kg per 1000 m2.
b Probability of producing 500 kg or more grain per 1000 m2 in 2100, in %.

than reversers in all conditions, the differences being signif-

icant by binomial tests for probability decrease (p < .001),

probability increase (p = .012) and decreasing amounts (p

< .001), but not for increasing amounts (p = .21). Overall,

only 13% kept Rugstad’s most recent estimate.

As a result, mean predicted productivity estimates were

higher in the increasing than in the decreasing condition,

Mincreasing = 512 kg vs. Mdecreasing = 426 kg; t(53) = - 3.95,

p < .001. Future probability estimates were also believed to

be higher after an increase than after a decrease, Mincreasing =

65% vs. Mdecreasing = 48%; t(44) = - 5.74, p < .001. It appears

that the participants expected somewhat smaller changes

(relative to Rugstad’s most recent report) in the increase than

in the decrease conditions, perhaps because they felt it hard

to believe that climate changes could have beneficial effects.

Most respondents agreed strongly with the statement

about anthropogenic climate change (M = 4.46, SD = .70).

In the decrease condition there was a negative correlation

between agreement with this statement and future produc-

tivity estimates (r = –.46, p = .02), implying that participants

with a strong belief in climate change were especially prone

to believe that a negative trend in prognoses would continue.

5 Study 4: Judging revised categori-

cal risks

The previous studies demonstrated that numerical prognoses

that change over time are expected to continue to change.

As a result, the most recent prognosis is not regarded as fi-

nal, and two numerically identical prognoses may be taken

to indicate an upward or a downward trend, dependent on

how they differ from previous prognoses. Such changes

appear to be more conspicuous, or in Hsee and Zhang’s

(2010) terminology, more evaluable than the individual nu-

merical estimates. In the risk management literature, risk

magnitudes are often categorized according to a simplified

scheme as “low”, “medium”, and “high”, accompanied by

color codes (green, yellow, and red), (Bostrom, Anselin &

Farris, 2008; Centers for Disease Control and Prevention,

2006; Fast Project Plans, n. d.). This system is designed

to combine the two basic dimensions of risk: probability

and impact, such that high (red) risk indicates an adverse

event with high probability of occurring, or severe conse-

quences, or both. Similarly, a risk can be considered low

(green) if severe consequences are unlikely, or the expected

damages are small. This simple perceptual scheme serves

to enhance the evaluability of individual risk judgments,

which might reduce the need for comparisons and specu-

lations about trends. Study 4 explored whether people will

base their predictions mainly on the last, categorical (color-

coded) prognosis, or still rely on trend information derived

from such prognoses given at two different points in time.

Will a yellow risk that has been “upgraded” from green ap-

pear more, less, or equally risky as one that has been “down-

graded” from red?

5.1 Method

Participants were undergraduate students from the Univer-

sity of Tromsø (n = 46) and the University of Oslo (n = 32),

76% female, attending lectures on judgment and decision-

making. Both groups received identical questionnaires ex-

cept that the names of the mountains and their locations

were counterbalanced, to control for individual associations

to names and places. Data collections took place in the fall

of 2014, shortly after a spell of extreme weather conditions

provoking threats of landslide in several mountainous ar-

eas in Norway. Respondents were told that geologists com-

municate risks according to a color system in which green

means low (acceptable) risk, yellow means moderate risk,

while red means high (unacceptable) risk. They were then

asked to consider a situation where three target areas are

monitored for landslide risks. Risk assessments are made
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twice, the first time on October 15 (T1), and then again two

weeks later (T2). Three (fictional) mountains received the

following color codes:

Lomhesten: T1: Yellow. T2: Yellow

Svartoksen: T1: Green. T2: Yellow

Buttdalshornet: T1: Red. T2: Yellow

Imagine that you interview people living below these

mountains. Who do you think will be the most worried?

Participants were asked to rank the three populations from

1 (most worried) to 3 (least worried). They were then told

that a landslide actually happened, and asked to fill out the

following sentence: “I would be most surprised if the land-

slide happened in ____ , and least surprised if it happened

in ____”.

Observe that the risk at T2 is the same (yellow) for all

three mountains, whereas the risks at T1 vary. Risk assess-

ments that are based on the current risk (T2) alone would

lead to an equal degree of worry, and equally (un)surprising

landslides in all three locations. If judges take T1 into ac-

count, they can use one of two strategies: With an averaging

strategy, Buttdalshornet would be considered as most risky

(and least surprising) because the risk has previously been

red in this area. An extrapolation strategy would lead to

a reverse rank order, with Buttdalshornet as least risky be-

cause the risk has decreased, and Svartoksen as most risky

because the risk has increased.

5.2 Results and discussion

Supporting the trend (extrapolation) hypothesis, a majority

of participants (61%) thought that people living in Svar-

toksen, where the risk had increased from green to yellow,

would be the most worried. Another 28% thought that the

inhabitants of Buttdalshornet, where the risk had been red

before it was downgraded to yellow, were the most worried,

in line with an averaging strategy. The ranking procedure

did not allow participants to judge the risks as equal, yet

four participants commented that there should be no differ-

ence. Most participants (62%) ranked Lomhesten, where the

risk had been unchanged from T1 to T2, in the middle.

To test the relative strength of the trend hypothesis, the

ranks of Svartoksen and Buttdalshornet were directly com-

pared, showing that yellow after green would create more

worry than yellow after red, according to 67.6 vs. 32.4% of

the participants. The difference is highly significant by a bi-

nomial test (p = .003). Yellow after green was also believed

to create more concern than unchanged (yellow) risks (68.9

vs. 31.1%, p = .002).

When participants were asked to report their own surprise

in the case of an actual landslide, their choices were more

equal, as half of them (48.6%) declared they would be more

surprised after an increasing trend, and half (51.4%) after

a decrease. A landslide in Lomhesten, the mountain asso-

ciated with unchanging risk, would give rise to more sur-

prise than in (decreasing) Buttdalshornet (71.4% vs. 28.6%,

p < .001) and to some extent also in (increasing) Svartoksen

(60.0% vs. 40.0%, n.s.).

The ranking procedure used in the present study did not

allow participants to judge all moderate (yellow) risks as

equal, and in a way, forced them to take predictions at T1

into account. Thus it cannot be regarded as a completely

fair test of the categorical approach, where hazards that are

given the same color code should be treated as equally risky.

However, if the current degree of risk is all that counts, rank

orders should be randomly chosen. But in fact one rank or-

der (increasing, stable, decreasing) out of six possible orders

was a clear favorite, chosen by 40%. If predictions at T1 are

taken into consideration, one could as well have argued for

the reverse order. A yellow risk that has been downgraded

from red has, if anything, a more sinister “track record”

compared to a risk that was previously assessed to be minor

(green), and might accordingly suggest a stronger landslide

potential, especially if fluctuations in assessments and the

measurement of landslide indicators are taken into account.

Yet, the present participants believed that inhabitants of the

regions at risk would be more worried by increases of a risk

that used to be small, and claimed that a landslide after up-

graded and downgraded risks would be equally surprising.

6 Study 5: Judging risks in separate

versus joint mode

Participants in the previous studies received forecasts that

were identical at T2 across conditions (Studies 1–3) or

within the same condition (Study 4). Study 5 was designed

to compare prognoses that differed both at T1 and T2 in

such a way that “increasing” prognoses described lower lev-

els of risk than “decreasing” prognoses, even at T2 (with

unchanged prognoses in between). Participants could ac-

cordingly base their worries and future predictions either on

risk level or on trend information, or both. We assume, in

line with Hsee (1996; Hsee, Loewenstein, Blount, & Baz-

erman, 1999), that risk level will be more evaluable when

different levels can be compared in a within-Ss design (joint

mode). While the results from Studies 1–3 indicate that re-

ceivers make a prognosis evaluable by comparing it to pre-

ceding prognoses, we explore in this study how receivers

perceive a revised prognosis when information about other

revised prognoses is available: Will they still rely on past

prognoses (in line with the trend effect), or will they switch

to a comparison with other, concurrent prognoses? Partic-

ipants in Study 5 were accordingly asked to judge risks of

different levels, associated with different trends, which were

presented either jointly or separately.
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Table 4: Worry and predicted risk estimates in cities with increasing, stable, and decreasing seismic risk, Study 5. N = 210.

Joint mode Separate mode

Location Trend (T1 − T2)
Predicted risk

T3

Continued

trend
Worrya Predicted risk

T3

Continued

trend
Worrya

Westerlea Increase (20% – 35%) 40.2% (12.9) 67% 4.00 (1.58) 40.2% (13.4) 70% 4.43 (1.41)

Pryedge Unchanging (40% – 40%) 40.0% (3.0) 81% 4.48 (1.39) 36.6% (10.4) 59% 4.25 (1.29)

Brookland Decrease (60% – 45%) 38.3% (10.2) 67% 4.69 (1.41) 36.1% (11.8) 75% 4.35 (1.51)

T1: Seismic risk 2 weeks ago; T2: Seismic risk today; T3: Predicted seismic risk in 2 weeks.
a Expected worry level of inhabitants, on 1-7 scales.

6.1 Method

Participants were 210 American respondents recruited

through the online subject pool Mechanical Turk (55%

male, age: M = 34.3 years, SD = 12.3, three respondents

were removed due to failed attention check or extreme out-

liers). They were randomly allocated to four different con-

ditions, one joint mode condition (A), describing earthquake

risks in three different cities, and three separate mode con-

ditions (B, C, and D), describing the earthquake risk in each

of these cities.

All respondents were told that an earthquake institute op-

erates with a seismic risk scale that goes from 0–100%,

where 0 means no risk of earthquake and 100% extremely

high risk. Respondents in the joint mode condition (Con-

dition A) received information about the risk of a moderate

earthquake in the city of Westerlea, which two weeks ago

was estimated to 20% on the seismic risk scale. Today, two

weeks later, the risk is 35%. In another city, Pryedge, the

risk was 40% both two weeks ago and today. In a third

city, Brookland, the risk was 60% two weeks ago, and is

45% today. In the three separate mode conditions, respon-

dents received information only about Westerlea (Condition

B), Pryedge (Condition C), or Brookland (Condition D) (all

these city names were fictional). Observe that these risk es-

timates do not only differ in direction (increasing, stable,

decreasing), but also in level at T2. Thus the risk level of the

increasing risk was consistently lower than the other risks,

whereas the decreasing risk remained higher than the others.

Respondents were asked to imagine that they lived in one

of these areas, and rated to which extent they would be

concerned about earthquakes as an inhabitant of Westerlea

[Pryedge] [Brookland], on a seven-point scale from 1 (not at

all concerned) to 7 (extremely concerned). They were also

asked to guess the next risk estimate issued by the earth-

quake institute (in two weeks) on the 0-100% seismic risk

scale.

6.2 Results and discussion

Mean estimates, displayed in Table 4, show that partici-

pants who received the forecasts for all three cities together

(joint mode), believed that people in Westerlea, who re-

ceived low level (but increasing) risk estimates, would be

less worried than people in Pryedge and Brookland, whose

risk levels were generally higher. One-way (repeated mea-

sures) ANOVA for mean worry estimates in the joint mode

condition yields a significant overall effect of location, F(2,

50) = 3.32, p = .044. Pairwise tests show that people in

Westerlea (low, increase) were expected to be less worried

than people in Pryedge (unchanging), t(51) = 2.44, p = .018,

as well as in Brookland (high, decrease), t(51) = 2.47, p

= .017 (the difference between Pryedge and Brookland is

not significant). No effect of level could be observed in the

separate mode conditions, where people in Westerlea were

believed to be, if anything, more concerned than the others

(no significant differences).

A majority of participants in all conditions believed that

the difference between T1 and T2 might be understood as

a trend that would continue into the future. The differ-

ences between the number of continuers compared to re-

versers were significant with binomial tests in all condi-

tions (p ≤ .012). In Condition A, only one single par-

ticipant believed that the next risk estimate in Westerlea

and Brookland would match the prediction issued at T2;

about 2/3 believed it would be still higher in Westerlea and

still lower in Brookland. In Condition B, 70% thought the

next prognosis in Westerlea would be even higher, and in

Condition D as many as 75% thought the next prognosis

would be lower, continuing the decreasing trend from T1 to

T2. As a result, the future prognoses for all cities became

very similar in terms of absolute risk level, with a mean

of around 40%, even in the joint presentation mode (the

modal increases/decreases were in all conditions 15 percent-

age points, indicating a linear projection of trends). Thus,

even if predicted worry was somewhat affected by risk level

(in the joint condition), predictions of future forecasts relied

mainly on trend information.
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7 General discussion

We examined in five studies non-experts’ interpretations of

revised prognoses about climate change and natural disas-

ters. A majority of participants in all conditions expected

that forecasts that had been revised once would be followed

by further revisions in the same direction. Across all condi-

tions, very few (2–22%) used the most rational strategy, to

discount the first forecast and retain the most recent one as

their best guess. These results provide strong support for a

trend effect in perception of revised forecasts. Rather than

taking the last forecast as the most likely future forecast, re-

ceivers use trend information to predict future prognoses.

This result is consistent with findings from other fields

showing that non-experts expect the continuation of past

trends in non-random sequences such as stock mar-

kets (De Bondt, 1993), temperature change, share prices

(Lewandowsky, 2011) and company sales, profit and loss

(Harvey & Reimers, 2013). However, the present findings

go beyond these studies. While previous studies have fo-

cused on people’s predictions of future target events based

on past events, we have studied people’s predictions of fu-

ture forecasts based on past forecasts.

When is it warranted to believe that an increase or de-

crease is set to continue, and when is it not? Like other

inductive inferences, extrapolations seem reasonable when

based on a large number of observations (time series). In

previous studies, participants have been given time series

with several data points, such as 20, 50, or 130 values, as a

basis for extrapolations (Harvey & Bolger, 1996; Harvey &

Reimers, 2013; Lewandowsky, 2011). In contrast, partici-

pants in the present studies derived trend information from

just two values.

Second, extrapolations seem reasonable in areas where

known mechanisms are responsible for further growth or de-

cline. This is the case for many natural phenomena (e.g.,

contagious diseases, increases or decreases in animal and

plant populations), climate changes, and even economic

trends. In contrast, extrapolating a “trend” in forecasts that

are revised once is arguably less rational. One must assume

that the forecasters have incorporated all available knowl-

edge about this subject into their most recent forecast. By

expecting a future forecast that is more extreme than ever

before (as far as participants know), participants implicitly

express that they know more about the future than does the

expert. This is a violation of the Golden rule of forecast-

ing (Armstrong, Green & Graefe, 2015), which states that

forecasters should be conservative by making proper use of

cumulative knowledge and not go beyond that knowledge.

If the expert expected the forecast to become even more ex-

treme in the future, she would presumably have taken this

into account in her most recent forecast. Thus, the original

forecast (at T1) should not really matter, as long as the cur-

rent forecast (at T2) is the one that is updated with the best

knowledge there is at present. So why do a majority of par-

ticipants expect it to undergo further, predictable changes?

In unfamiliar situations, humans sometimes misapply

strategies that are adaptive in other, more familiar situations

(Oskarsson, Van Boven, McClelland & Hastie, 2009). It is

possible that people perceive the revised forecast in the same

way as they would perceive a real world change, failing to

distinguish between a change in X and a change in the pre-

diction of X. So when the climate researcher increases her

prediction of sea level rise by 2100 from 20 to 40 cm, people

respond as if it were the actual sea level that had changed.

If such a change had taken place, due to systematic causes

that remain operative over time (e.g., melting of polar ice),

it would make sense to predict the rise to continue.

Participants were told very little about the basis for the

forecasts and why they were revised. Background informa-

tion was deliberately vague, to be compatible with revisions

in either direction. Participants therefore had to mainly rely

on the forecast values to make their predictions. Because

human beings are pattern seekers, equipped with a percep-

tual and cognitive apparatus for detecting regularities even

in randomness (Elliman, 2006), identifying and continuing

a pattern or trend formed by the two numbers could be a

strategy employed in the absence of information about the

underlying mechanisms.

The task format might have led participants to emphasize

the trend more strongly than they would have done in a real

world setting. Wänke (2007) argues that many of the cog-

nitive biases in JDM research are partly due to the commu-

nicative setting. Research participants automatically assume

that all the information they are given is there on purpose,

and should be used. In our studies, respondents might be-

lieve the first forecast is relevant and should be taken into

account simply because it is mentioned. Disregarding the

first forecast would imply that the questionnaire provides

non-relevant information, and thus violates the cooperation

principle in communication (Grice, 1975). But this does not

in itself indicate how the first forecast should be taken into

account. One possibility would be to average both forecasts,

which very few did. Divergent forecasts could also be taken

as a sign of uncertainty, or even as evidence of a cyclical

pattern. Apparently most people consider a linear trend to

be the best pattern suggested by two forecasts issued at dif-

ferent points in time.3

3Although the means reported in Tables 1–3 seem to suggest reduced

projections, in line with the “trend damping” observed by Harvey and

Reimers (2013), the modal responses were in all conditions linear continu-

ations of the trend from T1 to T2. And of course some participants did not

extrapolate at all.

http://journal.sjdm.org/vol10.5.html
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7.1 Predictions of next forecast are moder-

ated by personal beliefs

Although participants projected both upward and downward

trends, they especially endorsed trends consistent with gen-

eral beliefs about the consequences of climate change. That

is, more participants followed upward trends for sea level

and temperature rise, and downward trends for grain pro-

ductivity. This was especially the case for respondents who

reported strong beliefs in anthropogenic climate changes.

This indicates that expectations of future forecasts are based

on trend information in combination with personal beliefs, a

finding consistent with the view that people make an initial

assessment based on their beliefs, and adjust a probability

qualifying the belief in a second phase (Lawrence, Good-

win, O’Connor, & Önkal, 2006). The result is also in line

with research showing that judgments of risk related to cli-

mate change are affected by values and beliefs held by the

individual (Austgulen & Stø, 2013; Heath & Gifford, 2006;

Kahan, Braman, Gastil, Slovic & Mertz, 2007; McCright &

Dunlap, 2011; Slimak & Dietz, 2006), and that interpreta-

tion of uncertain climate statements varies according to atti-

tudes to climate change (Budescu, Por, & Broomell, 2012).

7.2 Implications for communication of uncer-

tainty

The present findings have potential implications for commu-

nication of risk and uncertainty. If forecasts from different

points of time are available, receivers may not interpret the

last one as final. Instead, they might interpret the most re-

cent forecast in light of previous prognoses and incorporate

a belief in further revisions into their evaluations. When cit-

izens are told that a flood risk is moderate, they may feel

reassured if they are told that the risk was high last week,

but threatened if told that the risk was low. As we have

seen, this is not just a matter of contrast (moderate risks in

comparison to high and low ones), but also the result of a

forecasted trend.

It is sometimes claimed that, when people are exposed to

scientific uncertainty, or to experts who make divergent fore-

casts about future events, their trust in these forecasts and,

still worse, their belief in science, will suffer (see Friedman,

Dunwoody & Rogers, 2009, for discussions). People who

believe scientists disagree about climate change are less cer-

tain that climate change is occurring, and support climate

policy less (Ding, Maibach, Zhao, Roser-Renouf & Leis-

erowitz, 2011). The present studies suggest that discrepant

predictions formulated by the same expert (or group of ex-

perts) at different points in time, will not be conceived as

inconsistent, but rather as indicative of what they will say

and what will happen next. The present studies do not allow

strong conclusions about how this may affect people’s feel-

ings and beliefs. For instance, we found little effect of trend

on worry level (Study 5), and no clear effect on personal

surprise (Study 4). However, the results suggest that an ex-

pert can make her point more forcefully by being willing to

admit that earlier predictions were over- or understated; if

nothing else, it makes her present forecasts “evaluable” in

the sense that we learn in which direction she is moving.

8 Conclusion

People faced with a revised forecast expect it to continue

changing in the same direction in the future. Thus, two

forecasts made at two different points of time are enough

to suggest a trend. A forecast that has become more likely is

expected to become even more likely in the future, whereas

one that has become less likely is expected to become even

more doubtful in the future. Thus lay people’s prediction

of forecasts appear to violate the “golden rule” of forecast-

ing (Armstrong et al., 2015) by being anything but con-

servative, going beyond the most extreme current forecast.

Forecasters and risk communicators should be aware that

estimates about the future might be evaluated not only ac-

cording to their present level, but also in comparison to past

forecasts. Remember the forecasts of El Niño, mentioned

in the introduction? Two weeks after the downgraded fore-

cast, the Institute announced: “El Niño is (technically) here”

(Gawthrop, 2015, March 10). Surprised, anyone?
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