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 The form of the relationship in association is symmetric in that it doesn’t matter 
about whether we think about the association between A and B, or B and A, we 
end up with the same statistic. 

 The form of the relationship in prediction is asymmetric. For predicting, we need 
to know what is the subject and what is the object of predictions. It seems that a 
construct is dependent on another variable. Something with a dependency is a 
function.  

 Consider y = mx + b. Y is the dependent variable, and x is the independent 
variable. Regression relates to the concept of a straight-line function. M is a 
constant of the slope of the straight line, and b is the y-intercept constant. 
Therefore, x is the value that may change, and y will be conditional to the value 
of x. 

 Straight-line functions ensure that the relationship between x and y is strictly 
linear. But this will not be so in research. Scores on two construct measures are 
not strictly a straight line. However, scatterplots suggest patterns that may be 
summarised by a straight line. We superimpose a straight line to make this 
summary. The slope is variable depending on which variables are on the x-axis 
and which is on the y axis. 

 Can qualitative observations about patterns be expressed quantitatively? Would 
a linear function be a suitable way to achieve this? Yes. How then do we choose 
which variable to allocate to he y axis and which to allocate to the x axis? Does it 
matter? Would you get the same result? It wouldn’t if we think about correlation. 
It does matter when we get to prediction and linear regression.  

 So what is the best location for the line summarizing the scatterplot? How do we 
determine that? You can use statistical principles to get a precise answer. If the 
line is located closely to a particular data point, then that data point could be 
viewed as deviating only slightly from the line. If a long way from the line, that 
data point could be viewed as deviating a lot from the line. The length of a 
vertical line from the linear function line can measure the deviation of a value. 
The line is called the residual value.  

 The residual is the distance between the observed value for Yi and the predicted 
value located vertically on the straight-line function Y hat i. 

 RECALL: squaring a set of deviation scores then summing them allows us to 
obtain a measure of variation. 

 The sum of squared residuals measures how much variation the straight-line 
function does not account for in the data. Smaller sum of squared residuals 
implies a better location for a straight-line function with particular values for 
slope and intercept. Therefore, to determine where the linear function best goes, 
we need to find the smallest sum possible of squared residuals. This is a least 
squares regression line, the line of best fit. 

 Values of variable get an estimator applied to them. The estimator will determine 
which value for the slope and intercept will end up with the smallest sum of 
squared residuals. This is an application of calculus. This is the least squares 
estimator. It finds the best location for the straight-line function because its 
estimates values for the slope and the intercept that minimises the sum of 
squared residuals, given the set of observed scores on the y and x scores. 



Because it is the best possible straight-line function for the data, it gets a distinct 
name: the least squares linear regression function. 

 The linear least squares regression model- There are two fundamental 
equations in the linear regression model: the full regression equation and the 
regression model equation.  

 The full simple regression equation is Yi = a + bXi + ei. The variables: b is the 
slop parameter, a is the intercept parameter, Y is the score of the ith person in 
the sample on the dependent variable, and X the independent variable, and ei is 
the residual score. The slope parameter is the regression coefficient. Y, X, and e 
will have different values for every person, but a and b will have a set value. This 
score recovers what someone’s observed score was. 

 The simple regression model equation is Yi hat = a + b Xi. Y hat is the predicted 
score of each person in the sample on the dependent variable. It still contains the 
two model parameters, b and a, but it differs from the full regression equation by 
the exclusion of the residual scores, and the use of predicted scores for each 
person on the left hand side. The residual in the full regression model therefore 
equals Yi – Y hat i. 

 The full regression equation and the regression model equation differ by what 
terms are excluded from their specification. Residuals are always defined as 
observed minus predicted. 

 Two general versions of the linear regression model differentiated by the 
number of independent variables. The simple linear regression always contains 
only one IV. The multiple linear regression contains two or more IVs. The 
multiple linear regression will have a slope for each IV. You will have a 
coefficient for each of the independent variables, but you will only have one 
constant. 

 The regression slope parameters are called partial regression coefficients in 
multiple linear regressions. 

 Testing the linear regression model- we focus on two features of the linear 
regression model: the strength of the overall prediction of the model (all IVs 
considered as a whole), and the strength of prediction of each IV considered 
separate within the overall model.  

 Strong prediction in the overall model does not necessarily imply that each 
individual IV is a good predictor, and one good individual IV does not necessarily 
imply that the model provides strong prediction overall. 

 The strength of the prediction of the overall model is typically measured by 
the r-squared statistic. There are three sources of variability in scores on the 
dependent variable in assessing the strength of prediction.  

 These include the observed scores on the dependent variable, the predicted 
scores on the dependent variable, and the difference between the observed and 
predicted scores on the dependent variable. 

 Variation in the observed scores in Yi. We subtract the mean of the observed 
scores, square deviation scores and sum them. This will be the sum of squares 
total. We can think about variation in predicted scores. We subtract the mean 
scores from the Y hat, standardise them, and sum them up. The variation in 
difference between observed and predicted scores- Yi- y hat i. The difference is 
the residual. The sum of squared residuals is a logical measure of the amount of 
variation in this difference.  



 The linear regression model provides an additive decomposition of the variation 
in observed DV score. It can be shown that the sums of squares of the observed 
scores of the dependent variable will be equal to the sums of squares of the 
predicted scores of the dependent variable plus the sums of squares of the 
residual.  

 Because we know the Sums of Squares residual must be the smallest possible 
value, the Sums of Squares for the regression must be the largest possible value. 
The total sums of squares will always be decomposed into the sums of squares of 
regression (predicted) and sums of squares of residuals (observed). It follows 
that you take the ratio of the sums of squares of regression to the total sums of 
squares. The proportion of the total variation in Yi, accounted for by the model, 0 
– r2 – 1 is a measure of the predicted strength of the model. 

 The multiple correlation coefficient is given by the expression R = square root of 
R squared. R is also a sample statistic measuring the strength of prediction. It 
equals the Pearson correlation between observed scores Yi on the DV and 
predicted scores on the DV.  

 Strength of prediction of each IV in linear regression can be assessed in three 
equivalent ways: the unstandardized partial regression coefficient, the 
standardised partial regression coefficient, and the squared semipartial 
correlation in multiple regressions. 

 The unstandardized simple regression coefficient in simple regression 
equals the expected change in observed scores on the DV (y axis) for a unit 
change in the observed raw score in the IV (x axis). The slope is the change to the 
y-axis for a certain change in the x axis.  

 For a unit change in an independent variable, amount of expected change is 
determined by the absolute size of regression coefficient, and the direction of 
expected change determined by both the sign of the regression coefficient and 
whether change is an increase or decrease in IV.  

 If a regression coefficient is positive in value, a one unit increase in scores on the 
IV (x) will expect an increase on the DV (y), and a decrease in scores on the IV 
will expect a decrease on the DV. 

 If a regression coefficient is negative in value, a one unit increase on IV will 
expect a decrease on DV, and a decrease in scores on IV will expect an increase 
on DV.  

 This is evidently related to association and correlation.  
 Standardised regression coefficients- it is difficult to know whether a large 

regression coefficient in unstandardized form is a large effect. So we standardise 
scores on the DV so the mean is zero and standard deviation is 1, and we do the 
same for IV, we now have standardised regression coefficients. There will be two 
changes. Intercept parameter a always equals zero in the standardised form and 
is therefore left out, and sample standardised regression coefficient is notated as 
a beta coefficient. The units are in standard deviation.  

 It is the expected change in z score on the DV for a change of one standard 
deviation on the IV. 

 Unstandardised partial regression coefficient. We need to consider more 
than one IV. We can think about only one IV changing at a time, with all the other 
IV scores not changing.  

 If scores on only one IV change by one unit, then expected change in scores on 
the DV equals the partial regression coefficient value for the IV. 



 Standardised partial regression coefficient. Predicts the change in standard 
deviation unit on the DV for a one standard deviation increase on the focal IV, 
when holding constant on all other IVs in the regression model.  

 Semipartial correlation- is an alternative statistic to the standardised partial 
regression coefficient that is used to assess the strength of the prediction of each 
IV in a regression model. The semipartial correlation is the Pearson correlation 
between scores on the DV and that part of scores on an independent variable not 
accounted for by all remaining IVs in the regression model. It uses the observed 
scores of the DV and the part of the IV not explained by other IVs. It is the 
correlation of DV scores and the scores of the IV where the effects of all other IVs 
are removed. We are talking about residual values for IVs.  

 Regression intercept- intercept parameter in a linear regression model is the 
expected value on the dependent variable when the score on all independent 
variables is equal to zero. The intercept always equals zero in a standardised 
regression equation. 

 Variation in observed and predicted scores, and variation in difference 
between observed and predicted scores. Interpretation of regression coefficient 
is the expected change of the DV in response to a unit value change in the IV. It 
will indicate the amount of expected change in absolute terms, and the direction 
of the change (positive or negative). 

 


