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Psychological risk perception studies have shown that individuals overassess low frequency events and underassess high 

frequency events. This letter develops a new test that reconciles these findings with the Bayesian learning approach frequently 

used in economic analyses. 

1. Introduction 

A fundamental aspect of risk perception in the economics literature is the ability of individuals to 
incorporate new information reliably in forming their probabilistic judgments. Workers learn from 
their job search efforts, consumers learn about the products they prefer, and investors acquire 
sufficient information about future price shifts to eliminate arbitrage possibilities. 

Although a number of economic studies, such as those by Thaler and Rosen (1976) and Viscusi 

(1979), have generated results consistent with rational behavior, a large psychological risk perception 
literature suggests that there are important limitations to this process, with respect to both the 
formation of risk perceptions and the nature of individual decisions. A recent paper by Arrow (1982) 
initiated the process of incorporating these insights into the economics literature. The emphasis here 
will be in the opposite direction, as I will show that a well-known psychological bias in risk 
perceptions is consistent with a standard Bayesian learning process. 

2. Perceptions of lethal events 

A widely cited result in the risk perception literature is that individuals assessing risks of fatality 
overassess the risks of low probability events (e.g., smallpox and botulism) and underassess the risks 
of high probability events (e.g., diabetes and stroke). No explanation has been given for this result, 
which is due to Lichtenstein et al. (1978), other than to observe that it is a feature of individual 
behavior. Slavic et al. (1982) do, however, note that some overassessed risks are those that have been 
highly publicized - a result quite consistent with a rational learning process. This explanation 
addresses a few outliers, not the general character of risk perceptions. In this letter I will indicate how 
a Bayesian learning process will generate the observed pattern of risk assessment, and I will develop a 
more meaningful test of risk-related bias. 

A useful starting point is to analyze individuals’ risk perceptions, which I will assume can be 
characterized by a beta distribution, which I will parameterize as follows. Before being informed of 
the class of fatality risks he is considering, the individual starts with a prior risk p, which has an 
associated precision y. Being informed that the risk is in category i (e.g., heart disease) will trigger 
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information that the individual has acquired concerning the risk category, which is equivalent to 
observing s, deaths in 5, trials, where I will assume that s, is the true risk (i.e., learning is unbiased). As 
a result, the posterior risk assessment p,* can be written as 

If we let q, be the relative informational content of the new information compared to the prior (i.e., 
5,/y) then p: can be rewritten as 

The individual’s risk perception will be a linear function of his prior beliefs. 
If the relative amount of information ‘k, acquired about the risk is independent of s,, then the 

pattern observed will be that illustrated in fig. 1. Risks below that of the prior p will be revised 
downward and risks above that of the prior will be revised upward. Unless individuals acquire full 
information rather than partial information, low probability events will be overassessed and high 
probability events will tend to be underassessed, as psychologists have observed. 

3. Testing for bias 

Let us consider first the consistency of the risk perception results with the pattern sketched in fig. 
1. The perceived risk p,+ pertains to the assessed frequency of the risk category i, and s, is the actual 
frequency. The units have been selected so that the frequency is in terms of the absolute number of 
deaths for every 205 million people. In the administration of the survey, the samples were divided 
into two groups. One group was given the actual motor vehicle accident frequency rate, while the 
other was given the electrocution frequency rate. Since these risk anchors influence the perceived 
risks, separate equations for each group were estimated. 

Table 1 reports results I obtained by regressing the perceived frequency rate on the actual rate and 
the square of this rate to ascertain whether the relationship follows the pattern in fig. 1. The data were 
drawn from Lichtenstein et al. (1978). The coefficient of the actual frequency rate is statistically 
significant and that of the square of this term is not, which is consistent with the expected linear 
relationship. The weight placed on the actual risk level is not, however, close to 1, which suggests that 
there is not a strong relationship between actual and perceived risk levels. 

Perceived Actual 
Risk = Risk 

Assessment 

Actual Risk 

Fig. 1. Nature of the updating process. 
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A more appropriate test for risk-related bias is not whether there is overassessment of small risks 
and underassessment of large risks, which we should expect, but whether or not there is a risk-related 
variation in the relative weight ‘k, placed on new information. Do individuals, for example, 
incorporate the true risk information to a greater degree for small risks rather than large risks? 

To test whether qj is correlated with s,, we must first construct a measure of the relative 

informational content qj associated with each risk group. The prior risk that would be assigned to any 
accident group before knowing its identity will be approximated in two ways. First, the respondent 
may have used the anchor supplied in the survey (motor vehicle accidents or electrocutions) as his 
prior value of p. The second approach is a lemons-type model whereby I will use the average risk level 
across all of the fatality risk groups. This average value will change depending on the subsample used. 
Three subsamples will be considered: the full sample of 41 risks, the full sample excluding the 
category for which respondents were given the risk information, and the full sample less the anchor 
risk categories and three aggregate groups (all diseases, all cancers, and all accidents). The value of 
the s, used is the true frequency rate. As a result, the q, level reflects the relative emphasis the 

Table 1 

Regression of perceived accident frequency on actual frequency. 

Explanatory 

variable 

Coefficients (standard errors) 

Motor vehicle 

subsample 

Electrocution 

subsample 

Intercept 

Actual frequency 

(Actual frequency)’ 

3087.9 3784.8 

(2600.5) (2586.1) 

0.070 0.087 

(0.029) (0.029) 

- 1 .OE-8) - 2.6E-8 

(1.8E-8) (1.8E-8) 

R2 0.52 0.45 

Table 2 

Regression of regression of ‘k; on actual frequency. 

Prior 

information 

Motor vehicle 

accidents 

Electrocutions 

Frequency coefficients (standard errors) 

Full Full sample exclusive 
sample of anchor group 

- 0.276E-3 - 0.279E-3 
(0.881E-3) (0.892E-3) 

- 0.282E-5 - 0.293E-5 
(0.461E-5) (0.466E-5) 

Specific 

risks 

- 0.861E-3 

(2.267E-3) 

- 0.724E-5 
(O.l21E-5) 

Average risk 

(motor vehicle) 
subsample) 

- 0.432E-3 - 044OE-3 - 0.568E-3) 
(1.38E-3) (1.411E-3) (1.496B3) 

Average risk 
(electrocutions 

subsample) 

- O.l98E-3 - 0.214E-3) - 0.226E-3 
(0.557E-3) (0.578E-3) (0.618E-3) 
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respondent implicitly places on the true risk level when forming his perceived risk judgments for each 
risk. 

Table 2 summarizes the results of the regression of the different !P, values on s,, where each 
equation also included a constant term. All of the estimated coefficients of s, are well below their 
standard errors in all cases so that there is no statistically significant relationship between ‘k, and s,. 
The degree to which individuals learn and incorporate new risk information is unaffected by the level 
of the risk, as one would expect within a Bayesian framework. 

These results by no means fully demonstrate that individuals are Bayesian decision makers. What 
they do accomplish is provide an explanation of observed biases in risk perception other than simply 
nothing that a bias exists. The observed bias is quite consistent with a Bayesian learning model. 
Moreover, a more meaningful test of risk-related bias based on the relative weight placed on 
information used in revising the prior indicates no systematic bias. Although the risk perceptions 
guiding individual decisions may not be fully accurate, some of the observed discrepancies are 
consistent with a rational learning model. 

References 

Arrow, Kenneth, 1982, Risk perception in psychology and economics, Economic Inquiry XX, no. 1, l-9. 

Lichtenstein, Sarah, Paul Slavic, Baruch Fischhoff, Mark Layman and Barbara Combs, 1978, Judged frequency of lethal 

events, Journal of Experimental Psychology: Human Learning and Memory 4, no. 6, 551-578. 

Slavic, Paul, Baruch Fischhoff and Sarah Lichtenstein, 1982, Facts versus fears: Understanding perceived risk, in: D. 

Kahneman, P. Slavic and A. Tversky, eds., Judgment under uncertainty: Heuristics and biases (Cambridge University 

Press, Cambridge) 462-492. 

Thaler, Richard and Sherwin Rosen, 1976, The value of saving a life: Evidence from the labor market, in: N. Terleckyz, ed., 
Household production and consumption (Columbia University Press, New York). 

Viscusi, W. Kip, 1979, Employment hazards: An investigation of market performance (Harvard University Press, Cambridge, 

MA). 


