
 

Normal curve/Gauss’s curve 

- If we can assume something has a normal distribution, then knowing just the 

mean and SD can tell us how someone’s score compares with everyone else (by 

only knowing the mean and SD, we will know everything about our 

standardization sample without knowing any of the individual score) 

- The larger the sample and the wider the range of things we measured, the closer 

to a normal curve the distribution usually becomes (the more variant, the more 

normal) 

- This means that the criteria for diagnoses are always in comparison with the rest 

of the population. It is not absolute  

Ex: if everyone gets clever and the mean of IQ test becomes 120, then in order to be 

diagnosed as mentally retarded, one has to have an IQ of below 90 instead of 70. You 

have to get a higher score in the IQ test 

- If your distribution isn’t normal then you can do a non-linear transform to make 

it more normal. It doesn’t change the rank order of scores but stretches some 

bits of the scale more than others by taking the square root or logarithm. 

Ex: converting your % score to a grade of 1-7 is a nonlinear transformation. It 

changes the shape of the distribution because different grades cover different ranges 

- If nonlinear transformation doesn’t work, you could use non-parametric tests 

which don’t require the assumption of normal distribution.  

 

The scatter plot is divided into categories, based on test performance and job 

performance criteria.  



 

In this case, we got excellent criterion validity. We got 9 correct hits, in this situation, 

the test is saying that we should hire these 9 people and the test is correct, these 9 

people have excellent job performance. 

We also have 3 false positive where these 3 people pass the test but they have poor job 

performance. The test failed to do its job.  

We also have 2 false negative where there are 2 people who failed the test but actually 

have good job performance.  

Finally, we have 4 correct negatives where these 4 people failed the test and have bad 

job performance.  

 

The probability a woman (aged 40-50, in a region with routine screening) having 

breast cancer is 0.8% (base rate). If a woman HAS breast cancer, the probability is 

90% that she will have a positive mammogram (correct hits). If a woman DOES NOT 

HAVE breast cancer, the probability is 7% that she will still have a positive 

mammogram (false positive). What is the probability that she does have breast cancer 

if she has a positive mammogram (correct hits after discounting false positive)? We 

can answer this question using a technique involving a 2x2 contingency table. 

Base rate = 0.8% = 0.008; sensitivity = 90% = 0.90; specificity = 93% = 0.93 (1 – 

false positive = correct negative) 

 
Disorder 

present 
Disorder absent  

 

Test positive 

Correct 

positive = 720 

(correctly 

diagnosed as 

having breast 

cancer) 

False positive = 

6944 

(incorrectly 

diagnosed as 

having breast 

cancer) 

7664 (in this 

case, if you get 

a positive result 

in this test, the 

chances are 

you don’t have 

breast cancer 

because there 

are more 

people who 

don’t have 

Predictive 

value of 

positive test 

= 0.094 = 

9.4% 



breast cancer 

than people 

who have) 

Test negative 

False negative 

= 80 

(incorrectly 

diagnosed as 

not having 

breast cancer) 

Correct 

negative = 

92256 

(correctly 

diagnosed as 

not having 

breast cancer) 

92336 

Predictive 

value of 

negative test 

= 0.9991 = 

99.91%  
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The probability that a women has cancer given a positive mammogram is 9% (or the 

ability of positive tests to detect breast cancer is 9%). The probability of a negative 

result to correctly identify that a woman doesn't have cancer is 99.91%.  

Only 10% of a sample of physicians could do this calculation. Most said the answer 

was 90% (probably because they are biased toward false positive than false negative) 

 


