
CORRELATION AND REGRESSION 291

be a little hard to understand this, but, basically, what we do is compare the fit of our regression model 

with the fit of what is called a naive model, which is a term used to describe the simplest model available 

in any given situation. For example, if there are two possible outcomes to a non-random decision (e.g. 

buy/don’t buy), a naive model would predict a 50% probability of each outcome, which would probably 

not be a completely accurate prediction of the outcome of any non-random decision. However, we could 

use some variables (say price and quality) to predict whether a customer would be more likely to buy or 

not buy. If we still predicted the outcome with the same accuracy as the naive model, then what was the 

point of the more complex model? This is the basic gist.2

To get r2 we first need to decide on what naive model we will use. For linear regression, the simplest 

model we could use was to try to predict y by using the mean value of y. In other words, for whatever 

value of x we have, we predict the mean value of y will be the outcome. Next, we need to remember this 

basic formula, which we will use repeatedly to calculate quantities:
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The ith residual is the difference between the observed value of yi and the value of the dependent vari-

able predicted by the model ŷi. The sum of squares of these residuals is what we minimized above using 

the least squares model to find the best fit line. When we minimize it by calculating a best fit line, this 

quantity is known as the sum of squares due to error, or SSE. Although it is very rare that you will ever 

have to do this by hand, Table 10.4 gives the basic working for doing so. You can see that you use the 

regression equation to calculate the values in the third column from the right, and then these values 

are used to calculate the two columns to the right of that. From the table, SSE = 89.7 (with rounding).

2 In fact, the example I just gave was of logistic regression, which will be covered in a later chapter. But the principle is 

the same, and it’s a clearer example to use a dichotomous outcome variable.

Table 10.4  Calculating SSE

Week i
UG assignments 

due x
i

Weekly sales y
i

Predicted 
sales (from 

regression line)
Error: y

i
 − 

predicted sales Squared error

  1 2 45 45.97 −0.97 0.9409

  2 4 41 39.01 1.99 3.9601

  3 4 43 39.01 3.99 15.9201

  4 5 37 35.53 1.47 2.1609

  5 5 32 35.53 −3.53 12.4609

  6 6 34 32.05 1.95 3.8025

  7 7 28 28.57 −0.57 0.3249

  8 8 20 25.09 −5.09 25.9081

  9 8 22 25.09 −3.09 9.5481

10 12 15 11.17 3.83 14.6689

SSE = 89.6954
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