
The Human Side of Science: 

I’ll Take That Bet!  

Balancing Risk and Benefit 

 

Uncertainty, Risk and Probability: 

Fundamental Definitions and Concepts  

 



What Is Uncertainty? 

A state of having limited knowledge where  

it is impossible to exactly describe the existing  

state or future outcomes 
 



Franklin’s Law 

Certainty?  In this world nothing is certain  

but death and taxes. 

 
-- Ben Franklin  

   (1706-1790) 

 
 

 



Berra’s Law 

“It’s tough to make predictions, 

especially about the future.” 
 

- Yogi Berra 

   (1925 - ) 

http://gaplcast.files.wordpress.com/2008/09/berra.jpg


Risk vs. Uncertainty 

Frank H. Knight 

(1885-1972) 

“Uncertainty must be taken in a  

sense radically distinct from the  

familiar notion of Risk, from which  

it has never been properly  

separated … a measurable 

uncertainty, or “risk” proper … 

is so far different from an  

unmeasurable one that it is not 

in effect an uncertainty at all.” 
 

- Frank H. Knight, University of Chicago 

  Risk, Uncertainty and Profit, 1921 



How Do We Measure Uncertainty? 

- Assign probabilities to each possible state  

  or outcome 
 

- Example:  What will the weather be tomorrow? 

  … 40% chance of rain 

  … 60% chance of sunshine 



What is Risk? 

- A state of measured uncertainty where some 

  outcomes have an undesirable impact or entail 

  significant losses 
 

- Measuring risk involves determining:  

  … Probability that each outcome will occur 

  … Size of impact or loss for each outcome 

  … Outcome’s expected value =  

              probability x impact 
 

- Example:  If it rains tomorrow, my wedding will be ruined! 

  … Probability: 40% (based on weather report) 

  … Cost: -$20,000 

  … Expected value of rain:  40% x -$20,000 = -$8,000 



Risk vs. Time 

- Long run risks are different than short run risks 
 

   … Example:  Would you invest $25,000 in a venture start-up 

        if you were 35 years old?  If you were 70 years old? 
 

   … Example:  Which is worse – a 50% chance of losing  

       $10,000 now, or a 50% chance of losing $10,000 in 5 years?  
 

- Why is this? 
 

  … Discounted present value of money 
 

  … Psychology 
 



Risk vs. Time 

“The long run is a misleading guide 

to current affairs.  In the long run,  

we are all dead.” 

 
- John Maynard Keynes 

  (1883-1946) 



How Do We Describe Risk? 

- Perception of a risk depends greatly on how it is characterized 
 

- Proportion of participants accepting or rejecting participation 

  in a Boston medical trial using radioactive technetium based 

  on six different statements of equivalent risk 



How Do We Describe Risk? 

- Kahneman and Tversky (1981): Imagine 2 alternate programs 

  to counter an Asian flu outbreak that could kill up to 600 people 

  … A:  Will save 200 people 

  … B:  33% probability of saving 600 people  

            67% probability of saving nobody 

  … 76 of 158 subjects preferred A 
 

- Kahneman and Tversky also gave this choice in altered form: 

  … A:  Exactly 400 people will die 

  … B:  33% probability that nobody 

            dies 

            67% probability that 600  

            people die 

  … Only 22 of 169 subjects 

       preferred A  



What is Probability? 

- No single consistent definition! 

 

- Frequentist approach 

 

- Subjective approach 



Pascal and Fermat 

Pierre de Fermat (1601?-1665) 

Blaise Pascal (1623-1662) 

http://upload.wikimedia.org/wikipedia/commons/f/f3/Pierre_de_Fermat.jpg


What is Probability? 
- Frequentist definitions 
 

  … A priori probability:  
 

       P(X) = number of outcomes favorable to X occurring 

                             total number of possible outcomes 
 

  … Example: Probability of rolling a 7 using 2 dice = 6/36 = 1/6 

 

      
Die 1 Die 2 Total 

        1                        1                       2 

        1                        2                       3 

        2                        1                       3 
               .                                                   .                                                 . 

               .                                                   .                                                 . 

               .                                                   .                                                 . 

         1                        6                       7 

         2                        5                       7 

         3                        4                       7 

         4                        3                       7 

         5                        2                       7 

         6                        1                       7 
                 .                                                    .                                                . 

                 .                                                    .                                                . 

                 .                                                    .                                                . 

 



A Priori Probabilities for  

     the Sum of 2 Dice 

36 

12 

18 

36 

http://en.wikipedia.org/wiki/File:Dice_Distribution_(bar).svg


What is Probability? 

- Frequentist definitions (continued) 

 

- Issue with a priori definition: 
 

  … In the real world we mostly can’t specify all possible  

      outcomes or events 
 

  

 



What is Probability? 

- Frequentist definitions (continued) 
 

  … Relative frequency of occurrence: 
 

        P(X) = number of times X occurs in experiments or trials 

                            total number of experiments or trials 
 

  … Trials may be samples from a larger population 
 

  … Relative frequency = estimate of “true” population probability 
  

  … Example: Determine the probability of a 7 by throwing 

                                  loaded dice.  If 10,000 throws 

                                  result in 2,000 7’s, the relative  

                                  frequency of 7’s is 2,000/10,000 or 1/5.     



What is Probability? 

- Frequentist definitions (continued) 

 

  … Issues with relative frequency of occurrence 

 

       1.  Same conditions for all trials or samples 
 

       2.  Sufficiently large number of samples 
 

       3.  Possibility of sample bias or experimental error 
 

       4.  Projections about the future assume future conditions  

            will be the same as those in the past 



What is Probability? 

- Subjective or epistemological definition 
 

  … The degree of belief or confidence in the occurrence of 

       an event based on available evidence 
 

 

  … Example:  You watch a game of  

       craps in a casino for an hour and 

       observe that 7’s seem to be  

       rolled a little more than 1/6 

       of the time.  You also have heard  

       that the Mafia is involved in the  

       casino ownership.  Do you  

       conclude that the dice are  

       loaded? 



What is Probability? 

- Subjective or epistemological definition (continued) 
 

  … Another example:  “There’s a 60% chance of rain tomorrow” 
 

  … What does this really mean? 
 

       1.  On a large number of days similar to tomorrow, 

             it will rain on about 60% of them 
 

       2.   It will rain on about 60% of LA tomorrow, but the  

             other 40% of LA will be nice  
 

       3.   I am only 60% convinced that it will rain tomorrow 

 



What is Probability? 

- Issues with subjective definition 

   

  1.  Imprecise 
 

  2.  Depends on the individual  
 

  3.  Must be consistent (all alternatives must add up to 100%) 
 

  4.  Can assign probabilities to things that happen only once 

   



Simple Rules of Probability 

- Addition rule – if  n different mutually exclusive events or 

  outcomes x1, x2, … xn can occur : 
 

  … The probability that at least one of them will occur is 

       the sum of their individual probabilities of occurrence 
 
        

            P(x1 OR x2 OR … OR xn) = P(x1) + P(x2) + … + P(xn) 
 

 

 

  … Example:  The probability of rolling a 1, 2 or 3 on 1 die 

       is 1/6 + 1/6 + 1/6 = 1/2 



Simple Rules of Probability 

- Conditional probability = the probability of x2 occurring, 

   given that x1 occurs 
 

   P(x2 | x1) = number of cases where both x1 and x2 occur 

                          number of cases where x1 occurs 
 

- Example:  Consider the following sample of people selected 

  from a larger population : 

Males 

(x1) 

People under 

40 years old 

(x2) 

The probability that someone in the population is under 40, 

given that they are male, based on this sample, is 2/5 or 40% 



Simple Rules of Probability 

- Multiplication rule – If two events or outcomes x1 and x2 can 

  occur, the probability that they both occur is the probability of 

  x1 occurring times the probability of x2 occurring given that x1 

  occurs: 
 

  P(x1 AND x2) = P(x1)P(x2 | x1) 
 

- Example:  What is the probability of drawing two aces from 

  a shuffled deck of cards if they are drawn sequentially without 

  replacement? 
 

  … Probability of first ace = P(x1) = 4/52 

  … Probability of second ace = P(x2 | x1) = 3/51 

  … Overall probability = 4/52 x 3/51 = 12/2652 

                                     = 1/221 



(Not So) Simple Rules of Probability 

- Bayes’ Theorem – a key tool for making decisions under 

  uncertainty or risk 

  … Infers probabilities of “causes” based on observed  

       “effects” 

  … Updates the strength of beliefs based on new data that  

       either confirms or dis-confirms them 

Thomas Bayes (1702-1762) Dr. Richard Price (1723-1791) 



Bayes’ Theorem – Example 

AIDS in Ruritania 

- 1% of the people in Ruritania are HIV infected   

- New diagnostic test introduced 

  … Positive result 97% of the time if a person  

       is HIV infected  

  … Negative result 95% of the time if a person  

       is not HIV infected   

- What is the probability that a Ruritanian who  

   tests positive actually is HIV infected?                     



10,000 Ruritanians 

100 are HIV infected 9,900 are not HIV infected 

97 test  

positive 

3 test 

negative 

9,405 test 

negative 

495 test 

positive 

Bayes’ Theorem – Example 

AIDS in Ruritania 
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.97 .03 .05 .95 
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Bayes’ Theorem – Example 

AIDS in Ruritania 

.01 .99 

.97 .03 .05 .95 

“True” positives “False” positives 



10,000 Ruritanians 

100 are HIV infected 9,900 are not HIV infected 

97 test  

positive 

3 test 

negative 

9,405 test 

negative 

495 test 

positive 

Bayes’ Theorem - Example 

97 + 495 = 592 total positive results 

97 “True” positives / 592 total positives = .16 
 

So there is only a 16% chance that a Ruritanian who  

tests positive is actually HIV infected 
 

.01 .99 

.97 .03 .05 .95 



10,000 Ruritanians 

100 are HIV infected 9,900 are not HIV infected 

97 test  

positive 

3 test 

negative 

9,405 test 

negative 

495 test 

positive 

Bayes’ Theorem - Example 

97 + 495 = 592 total positive results 

97 “True” positives / 592 total positives = .16 
 

Most of the positives are “False” positives because  

the actual incidence of HIV in the population is so low 

.01 .99 

.97 .03 .05 .95 



Bayes’ Theorem - Example 

- 1% of the people in Ruritania are HIV infected.  A new 

  diagnostic test gives a positive result 97% of the time if a  

  person is HIV infected and a negative result 95% of the time 

  if a person is not HIV infected.  What is the probability 

  that a Ruritanian who tests positive actually is HIV infected? 
 

- Let x1 = “is HIV infected”, x2 = “is not HIV infected”,  

        y = “positive test result”  
 

- Then  P(x1) =.01, P(x2) =.99, P(y|x1) =.97, P(y|x2) = 1-.95 =.05 
 

                     Probability of positive 

result given that person is HIV  

infected 



Bayes’ Theorem - Example 

- 1% of the people in Ruritania are HIV infected. A new 

  diagnostic test gives a positive result 97% of the time if a  

  person is HIV infected and a negative result 95% of the time 

  if a person is not HIV infected.  What is the probability 

  that a Ruritanian who tests positive actually is HIV infected? 
 

- Let x1 = “is HIV infected”, x2 = “is not HIV infected”,  

        y = “positive test result”  
 

- Then  P(x1) =.01, P(x2) =.99, P(y|x1) =.97, P(y|x2) = 1-.95 =.05 
 

                     
Probability of positive 

result given that person is not  

HIV infected 



Bayes’ Theorem - Example 

- 1% of the people in Ruritania are HIV infected.  A new 

  diagnostic test gives a positive result 97% of the time if a  

  person is HIV infected and a negative result 95% of the time 

  if a person is not HIV infected.  What is the probability 

  that a Ruritanian who tests positive actually is HIV infected? 
 

- Let x1 = “is HIV infected”, x2 = “is not HIV infected”,  

        y = “positive test result”  
 

- Then  P(x1) =.01, P(x2) =.99, P(y|x1) =.97, P(y|x2) = 1-.95 =.05 
 

- So  P(x1|y)   =          (.01)(.97) 
                          

                         (.01)(.97) + (.99)(.05) 
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given that result is 

positive 



Bayes’ Theorem - Example 

- 1% of the people in Ruritania are HIV infected.  A new 

  diagnostic test gives a positive result 97% of the time if a  

  person is HIV infected and a negative result 95% of the time 

  if a person is not HIV infected.  What is the probability 

  that a Ruritanian who tests positive actually is HIV infected? 
 

- Let x1 = “is HIV infected”, x2 = “is not HIV infected”,  

        y = “positive test result”  
 

- Then  P(x1) =.01, P(x2) =.99, P(y|x1) =.97, P(y|x2) = 1-.95 =.05 
 

- So  P(x1|y)   =          (.01)(.97) 
                          

                         (.01)(.97) + (.99)(.05) 

                     
Probability of  

being HIV 

infected 

if result is 

positive 

Total overall probability 

of positive result 

Probability of true positive 

result 

Probability of false positive 

result 



Bayes’ Theorem - Example 

- 1% of the people in Ruritania are HIV infected.  A new 

  diagnostic test gives a positive result 97% of the time if a  

  person is HIV infected and a negative result 95% of the time 

  if a person is not HIV infected.  What is the probability 

  that a Ruritanian who tests positive actually is HIV infected? 
 

- Let x1 = “is HIV infected”, x2 = “is not HIV infected”,  

        y = “positive test result”  
 

- Then  P(x1) =.01, P(x2) =.99, P(y|x1) =.97, P(y|x2) = 1-.95 =.05 
 

- So  P(x1|y)   =          (.01)(.97)           =  .16 
                          

                           (.01)(.97) + (.99)(.05) 
 



Bayes’ Theorem 

- Assume a set of n mutually exclusive “causes” x1, x2, …, xn  

  that could precede an observed “effect” y 
 

- Suppose we know all the probabilities P(xi) of the “causes”  

  and all the conditional probabilities P(y|xi) of the “effect”  

  given each “cause” (i = 1, 2, …, n) 
 

- Then the probability of the first “cause” x1 having occurred 

  given that we observe “effect” y is: 
 

        P(x1|y)  =     P(x1)P(y|x1)      
 

                       P(y) 



Bayes’ Theorem 

- n mutually exclusive “causes” x1, x2, …, xn  and an “effect” y 
 

- P(xi) = probabilities of “causes”  

- P(y|xi) = conditional probability of “effect” given each “cause” 

  (i = 1, 2, …, n) 
 

- Then the probability of the first “cause” x1 having occurred 

  given that we observe “effect” y is: 
 

        P(x1|y)  =     P(x1)P(y|x1)      
 

                       P(y) 
 

 - P(y) = total probability of the “effect” y occurring, which is the 

    sum of all the probabilities of all the ways y can be “caused”: 
 

          P(y)  =   P(x1)P(y|x1) + P(x2)P(y|x2) + … + P(xn)P(y|xn) 



Bayes’ Theorem – Betting on Snow 



Bayes’ Theorem – Betting on Snow 

- You and a friend are in Paris in December and  

   find out that the Packers have just won in  

   Green Bay, where it snows 60% of the time  

   in December 
 

- The Packers’ record is 6-2 
 

- They win 70% of the time when it snows on them 
 

- Your friend bets you that it was snowing when 

   the game was played; should you take the bet?   

 

 



Another Way of Looking at  

Bayes’ Theorem 

P(H|D)  = 
P(H) P(D|H)         H = hypothesis 
 

      P(D)               D = new data 

- P(H|D) = Updated probability that hypothesis (H) is true, 

                  given that we observe the new data (D) 
 

- P(D|H) = Conditional probability that new data (D) is  

                  observed, if hypothesis (H) is true 
 

- P(H)    =  Prior probability that hypothesis (H) is true, 

                  before the new data is observed (our original 

                  degree of belief in the hypothesis) 
 

- P(D)    =  Probability that new data (D) is observed 

                  (Typically comes from sampling or history) 



Another Way of Looking at  

Bayes’ Theorem 

P(H|D)  = 
P(H) P(D|H)      H = Hypothesis 
 

     P(D)             D = Data 

- P(D|H) / P(D) represents the impact that the new data has on 

  belief in the hypothesis 
 

  … If P(D) is low, then if we observe D, it has a large impact 
 

  … If P(D) is high, then even if we observe D, its impact is small 
 



Bayes’ Theorem – Betting on Snow 

- Example:  The Packers’ record is 6-2.  They win 70% of the  

  time when it snows on them.  They are playing in December in  

  Green Bay, where it snows 60% of the time in December.   

  We learn that the Packers won.  What would we expect would  

  be the probability that it was snowing? 

 

- Let H = “Snow”, D = “Packers won”. Then: 

 



Bayes’ Theorem – Betting on Snow 

- Example:  The Packers’ record is 6-2.  They win 70% of the  

  time when it snows on them.  They are playing in December in  

  Green Bay, where it snows 60% of the time in December.   

  We learn that the Packers won.  What would we expect would  

  be the probability that it was snowing? 

 

- Let H = “Snow”, D = “Packers won”. Then: 

   … P(H) = .6 

 
Prior probability 

of snow (before 

we knew the 

data that Packers 

won) 



Bayes’ Theorem – Betting on Snow 

- Example:  The Packers’ record is 6-2.  They win 70% of the  

  time when it snows on them.  They are playing in December in  

  Green Bay, where it snows 60% of the time in December.   

  We learn that the Packers won.  What would we expect would  

  be the probability that it was snowing? 

 

- Let H = “Snow”, D = “Packers won”. Then: 

   … P(H) = .6, P(D|H) = .7 

 
Prior probability 

of snow (before 

we knew the 

data that Packers 

won) 

Probability that 

we would see 

the Packers win, 

given that it  

snows 



Bayes’ Theorem – Betting on Snow 

- Example:  The Packers’ record is 6-2.  They win 70% of the  

  time when it snows on them.  They are playing in December in  

  Green Bay, where it snows 60% of the time in December.   

  We learn that the Packers won.  What would we expect would  

  be the probability that it was snowing? 

 

- Let H = “Snow”, D = “Packers won”. Then: 

   … P(H) = .6, P(D|H) = .7, P(D) = 6/(6+2) = 6/8 = .75 

 
Prior probability 

of snow (before 

we knew the 

data that Packers 

won) 

Probability that 

we would see 

the Packers win, 

given that it  

snows 

General probability 

that the Packers win 

(based on their record) 



Bayes’ Theorem – Betting on Snow 

- Example:  The Packers’ record is 6-2.  They win 70% of the  

  time when it snows on them.  They are playing in December in  

  Green Bay, where it snows 60% of the time in December.   

  We learn that the Packers won.  What would we expect would  

  be the probability that it was snowing? 

 

- Let H = “Snow”, D = “Packers won”. Then: 

   … P(H) = .6, P(D|H) = .7, P(D) = 6/(6+2) = 6/8 = .75 

 

- So:  P(H|D) =  P(H) P(D|H)  = (.6)(.7)  = .42  = .56 
 

                                 P(D)             .75        .75 
Probability of snow 

given that Packers won 



Bayes’ Theorem – Betting on Snow 

- Example:  The Packers’ record is 6-2.  They win 70% of the  

  time when it snows on them.  They are playing in December in  

  Green Bay, where it snows 60% of the time in December.   

  We learn that the Packers won.  What would we expect would  

  be the probability that it was snowing?  

 

- Let H = “Snow”, D = “Packers won”. Then: 

   … P(H) = .6, P(D|H) = .7, P(D) = 6/(6+2) = 6/8 = .75 

 

- So:  P(H|D) =  P(H) P(D|H)  = (.6)(.7)  = .42  = .56 
 

                                 P(D)             .75        .75 

The new data D has little impact on the probability of H  

because the probability of D is high (.75) and so is the 

probability of D given H (.7)  





Bayes’ Theorem – Betting on Snow 

- Example:  The Rams’ record is 2-6.  They win 10% of the  

  time when it snows on them.  They are playing in December in  

  Green Bay, where it snows 60% of the time in December.   

  We learn that the Rams won.  What would we expect would  

  be the probability that it was snowing? 

 

- Let H = “Snow”, D = “Rams won”. Then: 

   … P(H) = .6, P(D|H) = .1, P(D) = 2/(6+2) = 2/8 = .25 

 

- So:  P(H|D) = (.6)(.1)  = .06  = .24 
 

                            .25        .25 
Probability of snow 

given that Rams won 



Bayes’ Theorem – Betting on Snow 

- Example:  The Rams’ record is 2-6.  They win 10% of the  

  time when it snows on them.  They are playing in December in  

  Green Bay, where it snows 60% of the time in December.   

  We learn that the Rams won.  What would we expect would  

  be the probability that it was snowing? 

 

- Let H = “Snow”, D = “Rams won”. Then: 

   … P(H) = .6, P(D|H) = .1, P(D) = 2/(6+2) = 2/8 = .25 

 

- So:  P(H|D) = (.6)(.1)  = .06  = .24 
 

                            .25        .25 

The new data D has a big impact on the probability of H  

because the prior probability of D is low (.25) and so is the 

probability of D given H (.1) 



Statistics and Probability 

- When we determine probabilities by relative frequency of 

  occurrence we take samples or run experiments or trials 

 

- The samples or trials represent or estimate the “true”  

  characteristics of the real total population 
  

  … There can be error in the sample  
 

  … There can be sampling bias 
 

  … Sophisticated statistical techniques can control for these 
 

  … The larger the sample, the more confidence we have in 

       the representation or estimate 

 



- Sample statistics characterize the probability distribution 

  of a set of samples drawn from a larger population 

  … Mean (average) 

  … Variance 

  … Standard deviation 
 

- Each sample statistic is an estimate of the corresponding 

  “true” population statistic 

  … The larger the sample, the more confidence we have that 

       the sample statistic lies within a given error range around 

       the “true” population statistic 

  … For the mean, this is called the Law of Large Numbers: 
 

                      lim P(|Xn - m| < e) = 1 

Statistics and Probability 

n  

8
 

Sample mean 

(sample size = n) 

“True” population 

 mean 

Error range 



Statistics and Probability 

- Illustration of the law of large numbers by rolling one die 

http://upload.wikimedia.org/wikipedia/commons/f/f9/Largenumbers.svg


Statistics and Probability 

- Mean or average:  The sum of the values of the samples 

  divided by the number of samples 

 

  … If x1, x2, …, xn are the values of the n samples, then  

       the sample mean is 

 
 

       Xn =  x1 + x2 + … + xn 
 

                           n 

  

- Estimate of “true” population mean m 

   



Statistics and Probability 

- Variance:  The mean of the squared deviations of the 

  sample values from the overall sample mean 
 

   … If x1, x2, …, xn are the values of the n samples, and Xn is 

        the sample mean,  then the variance is 
 
 

        s2 = (x1 – Xn)2 + (x2 – Xn)2 + … + (xn – Xn)2 

 

                                           n                                            
 

- Standard deviation:  The square root  (s) of the variance s2 
 

- Variance and standard deviation measure “spread” or 

   dispersion away from the sample mean 

   … Estimates of “true” population variance s2 and standard 

        deviation s 



Abraham de Moivre 

(1667-1754) 

Karl Friedrich Gauss 

(1777-1855) 

Statistics and Probability 

Pierre-Simon,  

Marquis de Laplace 

(1749-1827) 

http://en.wikipedia.org/wiki/File:Abraham_de_moivre.jpg
http://en.wikipedia.org/wiki/File:Carl_Friedrich_Gauss.jpg
http://en.wikipedia.org/wiki/File:Pierre-Simon_Laplace.jpg
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Statistics and Probability 
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Statistics and Probability 
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Statistics and Probability 
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A Priori Probabilities for the Sum of 2 Dice 

http://en.wikipedia.org/wiki/File:Dice_Distribution_(bar).svg


Statistics and Probability 
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Statistics and Probability 
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           Statistics and Probability 

Risk, Variance and Standard Deviation 

- The bigger the standard deviation, the greater the  

   chance that a given sample lies farther from the mean 

 

- If deviations from the mean have costs, then bigger  

  standard deviations imply bigger risks 

 

- Example:  Compare two mutual funds with similar 10-year 

  average returns and different standard deviations 
 



Rule #1:  Don’t lose money. 

 

Rule #2:  Don’t forget Rule #1. 

 
-- Warren Buffett 

The Role of Risk in Investing 
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T. Rowe Price Emerging Markets Fund 

                  Annual Returns 

15.23% 

9.36% 9.53% 

26.05% 

14.80% 
17.28% 

11.43% 

5.84% 

-17.71% 

34.89% 

Average return = 12.7% 

Standard deviation of returns = 13.7% 

Total return over 2000-2009 = 206.7% 



Wells Fargo Advantage Small Cap  

Value Fund Annual Returns 

Average return = 12.5% 

Standard deviation of returns = 24.1% 

Total return over 2000-2009 = 155.8% 



Two Funds’ Annual Returns over Time 

- Suppose the annual returns of both funds are samples 

  from normally distributed populations 
 

  … Research indicates that the statistical behavior of  

       investment returns over time actually does have many 

       random (or pseudo-random) characteristics 
  



Two Funds’ Annual Returns over Time 
             (assuming normally distributed returns) 
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36.6% -11.6% 

 12.5% 

-1.0% 26.4% 

T. Rowe Price 

Wells Fargo 

     68.26% 

   Probability 

 12.7% 



Statistics and Probability 

  Regression to the Mean 
- Suppose a phenomenon is normally distributed and we 

  are observing samples of it that are far away from the mean 
 

  … As the number of observations increases, the sample 

       values will tend to get closer to the mean, assuming 

       all other conditions are equal 
 

  … This is called regression to the mean 
 

  …  It happens because values near the mean have a  

        higher probability of occurring than values far away from 

        the mean 
 

  … Caution:  If all other conditions are NOT equal, the mean 

       value may change! 
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T. Rowe Price Emerging Markets Fund 

Annual Returns 
(assuming normally distributed returns) 

Xn       s 

(-13.7%) 

     s 

(+13.7%) 

Value  

of 

Return 

in  

Year 

Frequency: 

Number 

of  

Years 

Having 

Each 

Value 

 12.7% 

-1.0% 26.4% 
68.26% 

34.89% 11.38% -17.71% 



  Statistics and Probability 

              Correlation  

- Assume we observe two phenomena, X and Y 

 

- Suppose in most cases when samples of X have  

  high values, so do samples of Y, and when samples 

  of X have low values, so do samples of Y 

  … Then X and Y are positively correlated 

 

- Suppose in most cases when samples of X have high 

  values, samples of Y have low values, and vice versa 

  … Then X and Y are negatively correlated 



Y 
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  Correlation 

- Issues with correlation 
 

  … Correlation does not prove cause-and-effect! 
 

  … Significance must be carefully analyzed 
    

  ... Multiple causes for correlation must be tweezed apart 

      (correlation coefficient  tells percentage of scatter 

      due to correlation vs. other factors) 
 

  ...  Fake correlations can be caused by data problems 

       (for example, variables not independent) 

   



Statistics and Probability 

    Regression Analysis 

- Technique for making mathematical models of correlation 

       relationships to aid in forecasting and prediction 
 

- Linear regression uses the method of least squares 
 

- Finds linear relationship between two phenomena 

  that minimizes the squared deviations of the samples 

  from the line (residuals) 

   … Calculates the correlation coefficient  of the relationship 

   … Assumes that each phenomenon is sampled from a  

        normal distribution 

   … Assumes that relationship is really linear! 
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SPDR S&P 500 ETF Trust 

Annual Returns  

Average return = 1.125% 

Standard deviation of returns = 21.0% 

Total return over 2000-2009 = -9.7% 



T. Rowe Price vs. S&P 500 Correlation Map 

- T. Rowe Price is positively correlated with S&P 500 



T. Rowe Price vs. S&P 500 Regression Analysis 
- T. Rowe Price = .577 + .544 (S&P 500) 

- r2 = .691 (correlation coefficient) 

- When S&P 500 moves 1%, T. Rowe Price moves about 0.5% 
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