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1  The objective of the research and raising the question 

The objective of my PhD paper is to present the specific features of probability 

judgement (calibration) and the existing models of probability judgement, then to 

explore a few correlations not yet studied, and through these, to test the validity of such 

calibration models. Finally, I will make a proposal for the further development of the 

earlier models. 

In the first part of my PhD paper I review the concept of probability calibration, the 

theoretical and methodological difficulties in concept formation, the rules of probability 

prediction, and the correlations of the accuracy of calibration with the different 

psychological and environmental variables. The second part of the theoretical section of 

my paper discusses the details of the models of probability judgment. 

My investigations related to this study scrutinize the process of probability judgement. 

In my first study I wanted to see the effect of the initial illusion of success on our 

confidence in the decision making process. Will the subjective confidence of the 

decision maker increase – against normative expectations – if we give unrealistic 

options too that he can rule out easily? Or do the unnecessary options only confuse him 

and overload his cognitive capacity? How do his earlier successes affect his 

confidence? In line with the theory of optimistic overcalibration I concluded that ruling 

out unrealistic options will make the decision maker unduly confident, and this 

overconfidence will stay in choices made after the decision.  

The analysis of the correlation between time pressure and decisions gained more weight 

in the past two decades. Unfortunately, however, these studies did not include 

probability judgement. My second piece of research fills this gap.  In line with findings 

in other areas of the Decision Theory I concluded – against intuition – that calibration 

accuracy does not deteriorate due to time pressure, on the contrary, it can even improve 

under certain conditions. Improvement was seen in connection with tasks that were not 

very easy.  

With this study I wanted to contribute to the discussion on the relevance the different 

theoretical models. I designed experimental situations in which different predictions 

could be derived from the different models, thus I could test the validity of these 
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models. Finally, my paper also includes a proposal for a calibration model which takes 

the earlier models further and is capable of explaining my findings.  

2 Theoretical introduction 

2.1 The significance of probability calibration 

In reality usually we ourselves can determine how much resource (time, money) we 

spend on collecting information, how many options and choices we search out and 

identify. Our subjective conviction changes all the time during the decision making 

process: how good is it for us to choose one option or the other, how sure it is that a 

certain outcome will occur?  

Perhaps the most important consequence of a realistic judgement of our behaviour is 

whether we stop the process of information collection and information analysis at the 

right moment. If we are more confident than it is reasonable, we make the decision too 

soon, or we take too much risk. But if we are more uncertain than necessary, we do not 

make the decisions at the time when we could, or we spend too much time and money 

on finding new information. Both are maladaptive behaviours.  

2.2 The features of probability judgement 

A number of studies have investigated the features of calibration accuracy in the past 

forty years. Most of the findings fit very well into the Expectations Theory as defined 

within the Decision Theory, or into the Theory of Limited Rationality. 

The research works in Hungary on probability judgement were first done by Tibor 

Engländer (Engländer, 1999) and by Klára Faragó (Faragó, Móra, 2006). The studies 

resulted in a number of findings. For example, it became clear that generally we are 

unreasonably confident and this overconfidence is typical of even experts. We are 

overcalibrated not only when we judge the probability of a future event to happen, or 

when we predict the correctness of our answers in a quiz on general knowledge, but also 

in case of perceptual predictions. (Keren, 1988). They have proven that calibration 

accuracy can be developed through training, but the transfer of learning is little. Thus 

for example meteorologists are well calibrated in their work, but not in their investment 

related decisions. (Alpert and Raiffa, 1982). 
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A tremendous outcome is that in case of difficult questions we are more likely to be 

unreasonably confident than in case of easier questions (Juslin, Winman, and Olsson, 

2000). Studies were made on correlations with personality traits and certain personality 

features, and a loose correlation was found e.g. between cognitive complexity and 

calibration accuracy (Wright and Phillips, 1979). Maccoby and Jacklin (1974) have 

proven that overconfidence is more typical of men than of women.  Wright and Phillips 

studied the cultural implications, and they found that though inaccurate calibration and 

overcalibration are general, still, there are differences in the patterns. (Wright et al., 

1978). 

From among the clinical variables, non-psychotic depression and narcissism were 

related to the accuracy of calibration. Overcalibration is less typical of people with a 

mild depression (Dunnig and Story, 1991), and persons diagnosed with narcistic 

personality disorder are unduly confident and extreme (Campbell, Goodie, Foster, 

2004).  

Recently, at the ELTE University, Institute of Psychology, Decision Theory Working 

Group we studied the correlation between risk taking and calibration accuracy. We 

found that entrepreneurs were more confident than college students, and their 

calibration accuracy was also better than average. Contrary to them, another group 

thought to be risk taking, those serving a prison sentence, are less confident in their 

decision making than average, their calibration is extreme and inaccurate. Thus the 

adaptive forms of risk taking can be characterised by a more accurate calibration, while 

the maladaptive forms can be more inaccurate (Faragó, Móra, 2006). 

2.3 Theoretical models for probability calibration 

A number of models have been developed for probability calibration starting in the 

seventies.  

2.3.1 The Normative Model 

The normative theory of calibration is the earliest approach which builds basically upon 

the thoughts of mathematics and economics. Accordingly, we are well calibrated if for 

example out of a hundred cases of which we say we are about 80% sure, we would be 
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right in about 80. According to the Normative Model people categorise events by their 

similarity. A statistical value can be assigned to every event category, meaning how 

often that given event took place in the past. When we predict the future occurrence of 

an event, we actually recall how often similar events took place in the past under 

similar conditions. This is what we call probability prediction based on frequency. The 

Normative Model assumes that man has information processing capabilities similar to 

that of a computer. According to the Normative Model the Bayes’ theorem in 

mathematics is of vital significance in estimating probabilities, and probability thinking 

following the normative model is also called the Bayesian model. Edwards has shown 

that the reduction of uncertainty actually follows a pattern similar to what Bayes’ 

theorem predicts, but the rate of reduction is slower. Therefore Edwards calls the 

decision maker quasi-Bayesian (Engländer, 1985). 

Theoretical and practical problems were raised in connection with the Normative 

Model. Can we draw conclusions from the frequency of past events to predict the 

probability of future events? What are the criteria for putting two events into the same 

category because of their similarity? Do we have a sample of the necessary size for 

statistical analysis? Another fundamental problem is that the events we study usually do 

not happen independently form one another in real life. Thus our earlier decisions on 

investments do have an impact on the securities market prices and through this on our 

future investment decisions. 

The simplest indicator of our overconfidence is what percentage of the answers we give 

with total self-confidence (100% probability) to questions proves to be correct later. We 

can characterise calibration accuracy better than this using the so called Brier score and 

Murphy decomposition of it, which were developed in the seventies based on the 

analyses of meteorological probability predictions. (Murphy and Medin, 1985) 

(Lichtenstein, Fischoff, and Phillips, 1982). In my investigations I too, was usuing these 

scores.  

2.3.2 The theory of optimistic overcalibration

From among the calibration theories, the earliest one is the theory of overcalibration.  It 

says that people overpredict the probability of certain events in order to raise their own 
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self esteem, their feeling of competence and satisfaction, to look forward to the future in 

confidence and to feel personal control over their own fates. This approach is in line 

with a number of other theories in psychology, thus with Weinstein’s unrealistic 

optimism (Weinstein, 1980). 

2.3.3 The Support Theory 

The Support Theory applies Tversky’s and Kahnemann’s heuristics theory in 

probability judgement (Kahneman, Slovic, Tversky, 1982). Tversky et al. say that the 

cognitive capacity of the decision maker is limited, he cannot process the data of a 

sample large enough for making statistical judgement, and therefore he cannot make 

normative probability judgement. However, the decision maker can be expected to be 

consistent in developing subjective probabilities, and his judgement should follow 

certain axioms. Such an expectation is for example when we find a new argument for a 

future event (or rather a hypothesis), it should reduce our earlier uncertainties. 

The Support Theory by Tversky et al. is a cognitive theory. It is not about the 

probability of certain events to occur, but it is about what representation the decision 

maker has on the different events. A part of this representation is the degree of 

probability of these events to happen. This representation of events is called by Tversky 

and Griffin “hypotheses”. According to the Support Theory, there are “supporting” 

arguments for every hypothesis, and every argument has a certain subjective weight. 

This weight indicates to what extent the argument supports the given hypothesis. The 

decision maker’s judgement of the weight of the different arguments is affected by 

heuristics such as “anchoring and adjustment”, “representativity” or the “base rate 

neglect” (Mér , 2002; Faragó, 2002). This way we consider the weight of the 

conspicuous, extreme arguments to be heavy, while we do not take the credibility of the 

information into consideration enough. (Faragó, Móra, 2006). Tversky and Griffin 

attach importance to the language in the cognitive representation of probability events. 

They call it the “unpacking effect” when we define an event more in detail and we can 

list more arguments for it, and this way the hypothesis thus developed will have more 

subjective probability. (Rottenstreich, Tversky, 1997).  
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According to the authors the weight of the hypothesis and of the alternative hypothesis 

is determined by the proportion of supportive arguments, and we choose the hypothesis 

accordingly, which determines the extent to which we are certain of our decision.  

Calibration inaccuracies are due to the fact that we are selective in noting, storing and 

recalling the arguments supporting the different hypotheses; the superficial features of 

the information affect us in judging the weight of the information, and we do not follow 

formal logical rules when we sum up all the information. This subjectivity, however, 

does not just happen haphazardly, but it has its own special heuristic rules. 

2.3.4 The model of ecological validity 

Gigerenzer’s ecology model argues with the support theory of Tversky et al. The 

ecology model assumes that people are relatively accurate in their every day life 

judgements and inaccurate calibration is only a by-product of the experimental 

situation.  

Gigerenzer says that judgment errors disappear when probability judgements are made 

in the normal environment or on the representative sample derived from it, or if the 

study leaders have relative frequencies predicted by the experimental subjects and not 

probability. According to Gigerenzer, frequency – as against probability – is easier to 

judge because we have experience of it, and we do not and cannot have any experience 

of probability. (Gigerenzer, 1991). 

Gigerenzer says that the experiemntal situations imply overconfidence and inaccurate 

probability predictions of people only because researchers put questions in the 

questionnaires that when we try to answer, we are mislead by our everyday wisdom. We 

come across such surprise events in our everyday lives too, but much less of them than 

in the experiemnts. 

Gigerenzer and researches from the Max Plank Institute in Berlin have had a number of 

findings in their calibration related studies, and their frequent conclusions contributed to 

the understanding for example of the 2001 tragedy in New York (Gigerenzer, 2004), 

and to that of how AIDS spreads (Gigerenzer, Hoffrage, and Ebert,1998). 
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Research into calibration in the 90’s was dominated basically by the controversy 

between the followers of Tversky and the representatives of the ecology model. After 

the first clash, researchers of the Swedish Uppsala and Umea Universities (Juslin, 

Olsson, Winman, Hansson, Persson, Björkman) tried to make peace between the two 

camps in the second half of the decade and integrated the major achievements of the 

cognitive representation theory into the theory of subjective probabilities. One of the 

modifications of Gigerenzer’s theory says that people consider several mental keys 

simultaneously when making a probability judgement, and not only the one they feel is 

the best. (Olsson, 2002) 

Consensus was reached among researchers that though Gigerenzer’s model is capable 

of explaining a significant part of overconfidence, but the arbitrary selection of the 

theses and the distinction between subjective probabilities and relative frequencies will 

not stop overconfidence totally. 

2.3.5 The Random Support Theory 

The American Brenner – a former colleague of  Tversky’s – proposed a new approach 

in the 21st century based on the Signal Detection Theory to characterise the accuracy of 

probability calibration. (Brenner, 2003) 

Brenner calls attention to the fact that calibration cannot be described well enough by 

just a simple figure. Very different calibration patterns might stand behind a certain 

calibration index. Brenner puts the probability judgements into probability brackets 

based on earlier traditions: 0-10%, 10-20%, 20-30%, …., 90-100% confidence tips. The 

researcher is interested not only in the probability tips and in the final wieghted 

difference in subsequent relative frequencies, but also in the dsitribution of the 

differences in the brackets. Brenner described four basic petters of probability 

calibration 

Overprediction (overcalibrated) 

Underprediction (undercalibrated) 

Extremely calibrated 

Balanced, moderate 
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Brenner calls overconfident (overpredicting) the person who achieves lower than the 

subjective confidence hit rate in all probability ranges, against the unduly uncertain 

(undercalibrated, underpredicting), who has a hit rate in all the probability ranges that is 

higher than his own confidence. The other two calibration styles are: the “extreme” and 

the moderate. Extremely calibrating people are typically black-and-white thinkers. 

They too, underpredict small probabilities (0-50%), and overpredict (50-100%) the 

large ones. The balanced calibrated ones do it the other way around: they cannot 

commit themselves to either one of the answers, and will go for the middle of the 

probability scale.  

The table below shows the four basic calibration styles which have an important 

psychological meaning. Brenner says that in reality these calibrations styles are mixed. 

 

The curves can be described accurately enough if we show both the typical tip rate and 

hit rate for each bracket (0%-10%, 10%- 20%, …, 90%-100% intervals). But in case of 

10 intervals this would mean 20 parameters. However, based on Brenner’s model the 

calibration style can be described by two parameters.  

Brenner’s model is a stochastic version of the Support Theory (RST: Random Support 

Theory). According to the author, if we have a focal hypothesis (e.g.: tomorrow it will 

rain) and an alternative hypothesis (tomorrow it will not rain), we have “uncertain pop-

up” arguments for both hypotheses. What arguments and with what weight come to our 
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minds in a given situation depends on a number of things: our mood, the effort (e.g.: 

what topic we had been discussing just before) the available time, the way the question 

was formulated (framing and unpacking effects), among others.  

Brenner considers the magnitude of the support of a hypothesis as a probability variable 

whose real value in a given moment is random, and its distribution is lognormal. 

Brenner uses two parameters to describe the support curves and based on it, the style of 

calibration: sigma and delta. Delta indicates the extent the support curve of the focal 

hypothesis deviates from the support curve of the alternative hypothesis, meaning how 

many more arguments come to our minds for the focal hypothesis. Sigma shows us the 

standard deviation of the support function, meaning to what extent it depends on the 

context/is it stable how many arguments we remember in support of the alternative 

hypothesis.     

In the following figure s(A) indicates the weight of the arguments (support) for 

hypothesis “A”, and s(B) shows the weight of the arguments for the alternative 

hypothesis “B”. The real value of s(A) and s(B) depends on chance, and the distribution 

of the logarithm of the supports is normal. The standard deviation of distribution is , 

the distance between them is  ( = + ).  

ß

?

when B is true

when A is t rue

ln s(A)ln s(B)

ln s(A)
ln s(B)
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According to Brenner, we can draw conclusions from the support curves regarding the 

pattern of the probability calibration. Thus capital delta ( ) shows confidence, and 

capital ( ) refers to extreme making of judgement. (Brenner at. al, 2005). So these two 

parameters can describe the calibration curve more accurately than the Murphy index.  

3 Theses

In the course of our experiment through questionnaire, the experimental subjects got 

multiple choice questions with two realistic answers for each question on general 

knowledge; they checked the one they felt was correct, and they also indicated the 

degree of their certainty. There was also a questionnaire in which the realistic answers 

stood alone, and there were two other ones where the realistic answers were mixed with 

two unrealistic choices. Finally we made one of the questionnaires in such a way that 

the manipulation of the questionnaire (the presence of the unrealistic answers) was not 

so evident. The study also included a control questionnaire.  

The study was repeated for the questionnaires with two and four realistic choices with a 

time pressure factor included. In order to explore the correlations between calibration 

accuracy and cognitive style, we also included the dogmatism questionnaire and the 

variety of cognitive complexity recommended by Bieri. 

My theses were as follows: 

1. The unrealistic choices in the multiple choice tests do not affect the hit rate of 

correct answers, meaning that the rate of correct answers in the questionnaires 

with unrealistic choices was the same as the hit rate of the questionnaire with 

only the realistic choices of this questionnaire.  

2. The presence of unrealistic choices unduly increases the confidence of choice 

between realistic options, therefore the accuracy of probability predictions 

deteriorates. 

3. Confidence increased due to items with unrealistic (“funny”) options will also be 

maintained with the funny items. In case we put the questions with the real four 

options mixed with the funny items in a “control” questionnaire, observable 

overconfidence will be of a lesser magnitude.  
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4. Calibration accuracy is more closely linked to dogmatism that grabs the contents 

of thinking too, than to cognitive complexity that describes only the formal 

features of thinking. 

5. Calibration accuracy does not deteriorate with time pressure; on the contrary, in 

case of medium hard tasks the accuracy of probability judgement can even 

improve.  

4 The method 

4.1 The calibration questionnaires  

We used calibration questionnaires in our study that we had drawn up. The 

questionnaires included a mixture of questions on general knowledge and practical 

questions such as on health and on everyday way of life.  

Some of the questions in the calibration tests had only realistic choices, others also had 

some unrealistic ones. 

 

An example: the 1st choice situation is the following: 

Question: “Who wrote ‘Szózat’? Indicate the certainty of your answer.”  

Choices (forced answer with two choices): 

A: Vörösmarty Mihály (correct answer) 

B: Kölcsey Ferenc (incorrect, but realistic answer) 

 

The 2nd situation is the following: 

Question: “Who wrote ‘Szózat’? Indicate the certainty of your answer.”  

Choices (forced answer with four choices): 

A: Vörösmarty Mihály (correct answer) 

B: Kölcsey Ferenc (incorrect, but realistic answer) 

X: Kádár János (unrealistic answer) 

Y: Rákosi Mátyás (unrealistic answer) 
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A pre-test preceded the study when we checked which questions served our purposes, 

meaning that we wanted to see if people really did not choose the unrealistic options.   

Twenty one university students took part in the pre-test. 

Based on them we put four tests together to measure calibration abilities. The four 

groups of persons participating had to answer the same 202 questions by filling out four 

questionnaires. The questionnaires of one of the groups (“R2”) offered two realistic 

choices for each question. The questionnaire of the “Funny” group had the same 

questions and choices as those of the “R2” group, but every question had two additional 

unrealistic choices as well. The unrealistic choices were selected in the pre-test, and 

afterwards we checked again on the entire sample if the experimental subjects did not 

choose the unrealistic options. Realistic and unrealistic choices were put in a random 

order. The “R4” questionnaire had four real options, and the questions were the same as 

in “R2” and in the “Funny” questionnaires, but four realistic choices were given for 

every question. Of these four, two were the same as in “R2”, the other two were also 

realistic options. The fourth questionnaire (“Mixed”) had all the items of the “Funny” 

one (the same questions and the same answers), but an additional 80 questions were 

mixed among the original 202. Four realistic choices were given to these additional 

questions, each. With this the manipulation of the “Mixed” one was not evident, while 

the experimental subjects saw through the manipulation of the “Funny” one. This 

assumption of mine was actually confirmed in the course of the short interviews made 

after the study.  

I divided the “Mixed” questionnaire for analysis into two parts “Mixed*” included the 

funny parts, while “Mixed**” included the additional questions (with the four realistic 

options) mixed among the funny items. Furthermore, I put together a “control” 

questionnaire of the 80 items from those with the four realistic options mixed among the 

funny items, and I had the control group fill it out. Thus we could compare the 

calibration of the 80 control questions to the four realistic options and see if they were 

different if we took them separately, or if we mixed them among the questions with 

unrealistic choices.  

Taking the above into consideration, I studied the accuracy of calibration in the four 

groups with the same questions, and the “Funny” and the “Mixed *” also included the 
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same choices, only the context and the structure of the questionnaire were different. 

This way I got further useful information on how calibration accuracy was affected by 

context and information that could be considered as irrelevant according to the 

normative model.  

Studying the “control” questionnaire made it possible to judge if overconfidence was 

maintained between the different decisions. 

In summary, the structure of the questionnaires was as follows:  

 Number of 

questions 

Number and type of options  

R2 202 2 realistic choices 

R4 202 4 realistic choices (of these two the same as in R2)  

Funny 202 202 “funny items: 2 realistic and 2 unrealistic choices. The 

two realistic ones are the same as the options in R2 

Mixed 202+80 The additional 80 questions mixed with the items of the 

Funny questionnaire had 4 realistic choices. Thus the 

Mixed questionnaire had items with 4 realistic choices and 

items with 2 realistic and 2 unrealistic choices. The former 

is designated by Mixed**, the latter by Mixed*. 

Control 80 80 items with four options, each. The questions of this 

questionnaire are randomly mixed with the funny items of 

the Mixed questionnaire. 

 

I used the following calibration indices from among the ones used in literature: 

Hit rate: rate of correct answers 

Hit rate with 100% confidence 

Number of items with 50% and 25% confidence. (These answers imply total 

uncertainty.) 



 16

Murphy’s calibration score: the mean value of probability tips and deviation in 

subsequent frequencies 

Brenner’s calibration scores (based on the Signal Detection Theory): sigma and 

delta 

4.2 Studying the cognitive style 

We used the Hungarian version of the dogmatism scale to study dogmatic thinking. 

(Szakács, 1994). For all the settings of the Likert scale with forty items, the 

experimental subkjects could mark their agreement/disagreement by values between -3 

and +3 (0 was not an option) They could get altogether a value between -120 and 120 

when we add all of them up. I chose the simplified procedure recommended by Bieri to 

study cognitive complexity. Cognitive complexity was described by the number of 

mean concordances of the Bieri matrix. (Hunyady,1998). 

4.3  The experimental subjects 

451 persons participated altogether in the experiment. All of them were second and 

third year college students of economy. 94 of them filled out successfully the “R2” 

questionnaire, 95 the “Funny” one, 106 the “R4” one, and 94 the “Mixed” one. In the 

“Control” group, 62 filled out the questionnaire. 

The experimental subjects were aware that they took part in an experiment on Decision 

Theory. They received no fee nor any benefits for participation. The instructions gave 

no misleading information. 

4.4 Methodology of the analysis of the study data 

Based on the questionnaires, I calculated the calibration accuracy of the individuals. 

Then I averaged the results of those filling out the same questionnaire. I compared the 

means of the sub-groups and the control group to the t-test (standard deviation to the f-

test) and to variance analysis. 

I used the t-test and the f-test also to compare calibration accuracy in the R2 and R4 

questionnaires with only realistic options with and without the time pressure factor.  
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I looked at the correlation between cognitive style and the indices of calibration 

accuracy through dogmatism and linear correlation with cognitive complexity. I studied 

the correlation with two constructures of cognitive style independently as well by 

analysing partial correlation coefficients: keeping dogmatism, then cognitive 

complexity under control. 

5 Findings

5.1 The hit rate 

We assumed that in case of two “realistic” and two unrealistic options people would hit 

the correct answer at the same rate as if they had only two realistic choices. This study 

practically confirmed this. The hit rates of the “R2” and “Funny”, as well as “R2” and 

“Mixed*” questionnaires were not totally identical, but the expected value of the 

difference is only 2-3%, while the difference in the hit rates of “R4” and “R2” was 

approximately 15%. The differences are significant (p<0,001). From this we can see 

that the unrealistic options had only a slight effect on judging the correctness of the 

realistic options.  

5.2 The effect of the unrealistic option on overconfidence  

Overconfidence and the differences in calibration accuracy were compared using three 

procedures. The findings are consistent.  

We found that the rate of 100% answers was reduced by the presence of the unrealistic 

options, especially in case the manipulation of the questionnaire was not evident. 

(p<0,01). This finding means that the funny (easy to rule our unrealistic) option has an 

increased effect on the undue confidence of the respondents. 

Based on the analysis of Murphy’s scores – just like before – we arrived at the 

conclusion that in case of questionnaires with hidden manipulation, calibration was less 

accurate (p<0,01), while in case of the openly manipulated questionnaires, the 

calibration accuracy did not change as compared to the questionnaire with two options.  

Based on Brenner’s Signal Detection Theory, we could draw more fine-tuned 

conclusions on the pattern of calibration accuracy. Having done the goodness-of-fit test 

we concluded that they had lognormal distribution in all cases. (Kolgomorov-Smirnov 
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one sample goodness-of-fit test). Based on this we could use the parameters in 

Brenner’s model to describe calibration. Accordingly we could see that the 

experimental subjects of “R2” could separate the correct and incorrect alternatives the 

best, the ones in the “Funny”, in the “Mixed *” and in “R4” could do it less well, but to 

the same extent. On the other hand we found that the experimental subjects made a 

much more extreme judgement when unrealistic options were also given, but their 

presence was not evident (Mixed questionnaires). So we found that the extremity of 

judgement (the magnitude of sigma) depended on whether the questionnaires were 

manipulated or not, and if the persons participating perceived this manipulation. The 

hidden presence of unrealistic options increased the extremity of the answers (in the 

“Mixed” questionnaires).  

Based on the analysis of three researchers we can say that if persons can easily rule out 

certain options, they tend to go to extremities in their other choices and they feel they 

can decide with more confidence whether the answer is correct or not. When they are 

very uncertain, they rather say that there is no chance of a good answer, and when they 

are more confident, they overpredict their confidence.  

5.3 The duration of the effect of overconfidence 

The above findings prove that when ruling out unrealistic options, our confidence 

increases, and this affects the confidence of choice from realistic options as well.  Our 

third thesis was that increased confidence was maintained even with manipulated items. 

Accordingly, the calibration of the questions with four realistic options mixed with the 

funny items (including unrealistic options as well) also deteriorates, in other words 

undue confidence will be higher when answering these questions. (p<0,001). 

I also made up a separate “control” questionnaire of the 80 items that had four realistic 

options and were mixed with the funny questions. When comparing the calibration of 

the 80 mixed questions with four realistic options of the “Mixed” questionnaire to that 

of the questionnaire that had only these 80 questions (without the funny ones), I wanted 

to see if they differed. The outcome was clear: overcalibration was significantly more 

typical of the four-option questions if they were mixed with the funny questions than if 

they stood alone. So this has proven that if a funny question increases the 
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overconfidence of the respondent, this overconfidence would be maintained in the 

following decisions. This outcome contradicts normative expectations. In the analysis I 

used the hit rate of the 100% confidence answers again, as well as an amended version 

of the Murphy scores.  

5.4  Correlations of cognitive style and calibration accuracy  

We wanted to see the correlation between the two constructures of cognitive style – 

dogmatism and cognitive complexity – and overconfidence. In our assumption, both of 

the mentioned variables of cognitive style have a correlation with calibration accuracy, 

but dogmatism has a stronger correlation with it than cognitive complexity. But since 

based on data from literature the two above constructures of cognitive style are 

concomitant, we also calculated partial correlation coefficients.  

Brier’s and Murphy’s score, as well as Brenner’s sigma resulted in similar outcomes. 

According to these, the linear correlation of dogmatism as well as cognitive complexity 

with calibration accuracy are though weak, yet significant (p<0,000). On the other hand, 

however, dogmatism and calibration accuracy are significantly concomitant (korr=0,3) 

even if complexity is kept under control. This is not true the other way around: 

cognitive complexity and dogmatism are not significantly concomitant if dogmatism is 

under control. Thus it is dogmatism that is directly concomitant with the realistic 

probability judgements and not cognitive complexity. This outcome needs further 

investigation. 

5.5 The effect of time pressure on calibration accuracy 

The hit rate of 100% confidence answers, and the Brier and Murphy scores gave us 

similar results: in case of easier, two-option questions, time pressure has no effect on 

whether our confidence is realistic or not. In case of the medium difficult four-option 

questions, however, our confidence becomes more realistic with the time pressure 

factor. (p<0,000, p<0,001, and p<0,06).  

When analysing the difficulty of questions, we saw a similar outcome: time pressure 

had no effect on the calibration accuracy of the easier questions, but with the more 

difficult questions we could say that if we had to decide quickly, we predict our 

performance more realistically.  
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6 Discussion, conclusions 

In this study, it was primarily the validation of the theories explaining calibration 

inaccuracy that we tested. The two studies practically confirmed our assumption that it 

was the theory of optimistic overcalibration that could explain calibration inaccuracy 

the best. Based on the Normative Theory and on the Support Theory, the accuracy of 

our probability predictions should not have depended on the presence of unrealistic 

options, and time pressure should have had a negative effect – because of the 

complicated calculations – on accuracy. Our findings were contrary.  

Let us mention here that in a few cases we also interpreted our findings based on the 

ecology model. This is in line with research that says that some of calibration 

inaccuracy is truly due to the un-lifelike nature of the questions, but inaccuracy cannot 

be traced back totally to the problem of ecological validation.  

At the beginning of the 90’s Gigerenzer’s work and theory caused a radical change in 

calibration research. Gigerenzert was interested not only in the outcome of the decision, 

but also in the whole process of decision making. Gigerenzer derived probability 

calibration from fast and economical heuristics which in his opinion help people to 

adapt to the uncertain situations in nature and in society. Gigerenzer says that these 

heuristics help us in predicting the probability of future events “in life”, and in predict 

our knowledge well. He says that the unusual nature of the experimental situation is 

responsible for the trend-like inaccuracy of probability predictions.   

Finally we recommended a simple calibration model that links the ecology model with 

the optimistic overcalibration model: it is built on Gigerenzer’s fast and economical 

heuristics, but also takes motivational effects into consideration. In our opinion when 

we predict our confidence related to judgement – in line with Gigerenzer’s ideas – we 

recall earlier situations that are similar to the present one, but of which we already have 

experience regarding to what extent they were correct. This success rate is represented 

together with the event category as such. Contrary to Gigerenzer’s ideas we feel that the 

“frequency index” represented together with the event category can be distorted in the 

different stages of information processing. Distortion may occur for example because of 

the error in sampling, or due to the small size of the sample. Because we often search 
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out events with a certain motivation (we pay attention to those that meet our preliminary 

expectations), but perhaps we have no chance to observe enough events.  

The emotion theories of decision making call our attention to a number of correlations 

that describe the relationship between cognition and emotions. Thus for example the 

congruence/incongruence of our mood and the emotional tone of the event studied can 

affect our attention paid to the information, meaning the representation of the event. 

And the Theory of Retrospective Distortion underlines the fact that we may recall the 

representation of our earlier success related to a certain event category incorrectly, in 

line with out expectations. For example we think that we had predicted the outcome of 

the previous general elections more accurately than we did in reality. 

Taking all this into account, Gigerenzer’s model can easily be modified in such a way 

as to keep the idea of the author of fast and economical decision making heuristics, but 

we also take the emotional and motivation factors into consideration.  

Taking it a step further we feel that it is also possible that emotions appear not only as 

possible distorting factors in the representation process of the above element, but rather 

as an organising factor of representation which has mostly adaptive significance. The 

emotions we feel after solving a problem reflect mostly very well to what extent we 

were successful when solving the actual problem. Thus emotions as “emotional 

heuristics” are an important anchor in the representation of our success. Naturally 

emotions do not reflect exactly the real success, but mostly they give us a good 

orientation, while also giving room for distortion.  

In this context our emotions and our competence motives that arise in the course of 

confidence prediction gain a new meaning. Perhaps we should consider them not as a 

disturbing factor in our orientation among uncertain situations, but rather as mostly 

adaptively helping factors. Therefore we should not try to eliminate them during 

calibration prediction, but rather we should react to our emotions and motivations: 

where do they come from, what are they related to. If we can keep in touch with these 

emotions, even in uncertain situations, our inner instrument that measures uncertainty 

can work in a well calibrated way.  
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It follows that experts providing support in decision making will have to be well versed 

not only if their field of expertise, but also in process consultation. They must help their 

clients keep in touch with their emotions and must help them to understand how much 

these emotions are linked to a specific uncertain situation, and to what extent are they 

about the decision maker himself, about his personality, about his long term disposition 

related to uncertainty and risk. This is how emotions can become a supportive signal in 

decision making. 
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