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General Linear Models



General linear model
• Categorical predictors
• Design matrix
• Hypothesis testing
• Categorical and linear predictors
• Interactions







mean of “b” - mean of ”a”
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Yi = β0 (mean of ”a”) + β1 (mean of “b” - mean of ”a”) * Xi + εi
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Yi = β0 (mean of ”a”) + β1 (mean of “b” - mean of ”a”) * Xi + εi

mean of “b” - mean of ”a” =  β1

mean of ”a” = β0 

Predicted value
Residual

If group is “b” Xi = 1, if group is not “b” Xi = 0   





Yi = β* Xi + εi
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Yi = β* Xi + εi
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Yi = β0+β1*Xi,b +β2*Xi,c+ β3*Xi,d + εi
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Design Matrices





Yi = β0 + β1 * Xi + εi



Yi = β0 + β1 * Xi + εi
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Design matrices



Understanding how linear models deal with categorical variables (through design 
matrix) is important for interpreting model results 

Mean of group a
Difference in mean for group b

** Same as t.test(y~group, data, var.equal = T)



More levels…

Mean of group a
Difference in mean between group b and group a
Difference in mean between group c and group a
Difference in mean between group d and group a

** compare all groups with TukeyHSD(aov(model))



R2 and hypothesis testing



X

Y

Mean differences 
between y values 
and the mean of y

Mean differences between y 
values and the predicted 
values of y based on x

R2 = var(mean) – var(fit)
     var(mean)

Var(fit)

Var(mean)

*Fitted values is a synonym for predicted values of y based on x

Var = Sum of Squares / (n-1)



R2 = var(mean) – var(fit)
     var(mean)

Mean differences 
between y values 
and the mean of y

Mean differences between y 
values and the predicted 
values of y based on x

Var(fit)

Var(mean)

test statistic
Does the fitted model explain 
more variance than expected 
compared to the simple model 
(variance around mean?



Combining groups and categorical variables



Categorical and 
continuous 
variables

• (Intercept) is not the 
mean of group a, it is 
the intercept of group a

Even though we have 
groups in the data…



Interactions:
Challenges of 
interpreting 
“main” effects 



Model summaries with interactions: interpretations

Intercept of group a
Difference in intercept for group b
Slope of group a
Difference in slope for group b
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