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Lecture 4
• Assignment 1
• Regression modelling
• Extending the basic model
• Regression models in R, diagnostics

Presenter: Dr John Betts
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Week-by-week outline
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Assessment details
Assignment 1, Due 17th April, Weighting 25%  
• Covers data manipulation, visualisation, and data analysis using a variety of 

techniques. Submission is a written report and short video explaining the key 
findings of your research.

Assignment 2,  Due 15th May,  Weighting 20%
• Covers machine learning/artificial intelligence models using R. Submission is 

a written report and short video.

Assignment 3,  Due 12th June,  Weighting 25%
• Covers text analysis, networks and clustering using R. Submission is a written 

report and short video.

Quiz + Practical Activity,  Week 11 (Due 22nd May),  Weighting 30%
• You will do practical activities and quiz style questions under supervision 

during your applied session. Content will cover topics from Weeks 1 – 9.
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Consultations
Clayton students: see additional information and 
resources, under the “Learning” tile.
https://learning.monash.edu/course/view.php?id=41077&section=5

https://learning.monash.edu/course/view.php?id=41077&section=5
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Clayton Week 5 A/S replacement
For Clayton students: Applied Session 02, Good 
Friday class has been replaced by online session, 
Monday 30th 12:00 – 2:00pm.

Details will be posted on Moodle under the 
Week 4 Real-time tile.



FIT3152 Data analytics – Lecture 4 Slide 6

Assignment 1
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Assignment 1
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Assignment 1
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Assignment 1
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Assignment 1
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Assignment 1
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Assignment 1
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Assignment 1
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Assignment 1
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Assignment 1
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Assignment 1
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Assignment 1
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Assignment 1
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Assignment 1
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Assignment 1
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Assignment 1 Notes
• Students who joined the unit late (and are not on the 

FocusCountryByID.pdf) need to email 
john.betts@monash.edu to be assigned a focus country.

• Data may contain missing/NA values. Check the survey 
documentation: WVS-7 Master Questionnaire 2017-
2020 English.pdf

• It is likely many attributes will have low predictive 
power. The aim of the analysis is to find the “best” ones.

mailto:john.betts@monash.edu
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Assignment 1 Notes Examples of bad summaries in the 
assignment report.
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Regression
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COVID-19

https://www.nature.com/articles/s41598-020-68862-x

https://www.nature.com/articles/s41598-020-68862-x
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COVID-19

https://www.nature.com/articles/s41598-020-68862-x

https://www.nature.com/articles/s41598-020-68862-x
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COVID-19

https://www.nature.com/articles/s41598-020-68862-x

https://www.nature.com/articles/s41598-020-68862-x
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COVID-19

https://www.nature.com/articles/s41598-020-68862-x

https://www.nature.com/articles/s41598-020-68862-x
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Iris sepals: width vs length by species

https://hackernoon.com/types-of-linear-regression-w4o227s5

https://hackernoon.com/types-of-linear-regression-w4o227s5
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Multiple linear regression

From: G. James et al., An Introduction to Statistical Learning: with Applications 
in R (2021).
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Regression
Regression models the relationship between two 
or more variables, from which we can:
• Observe the effect of independent variables (inputs) 

on the dependent variable (output),
• Predict the values for new data (e.g., forecasting),
• Determine the relative importance of variables the 

model,
• Linear regression assumes a straight-line relationship, 

but many other relationships can be modelled.
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Regression
• Fitting a regression model is a form of supervised 

learning – that is, the model is ‘learned’ from data 
consisting of known inputs and outputs.

• The learned model can then be applied to unknown 
cases, this includes forecasting.

• r-squared and other regression diagnostics tell us the 
degree to which variability in the response is 
explained by the input variables...
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Linear regression
See R Script of lecture examples

> Week 04 Regression.R
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Recall: Toothbrush – function vs price
> Toothbrush <- read.csv("Toothbrush.csv")
> attach(Toothbrush) # note ‘attach’ function
> plot(Price, Function)
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Linear regression – purpose
Tells the following:
• The linear relationship between Function and Price?
• The strength of the relationship (predictability).
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Linear regression – assumptions
Simple least squares regression assumes that
• The relationship approximately linear, which is of the 

form: y » ax + b
• x and y are numerical variables, not categories for 

example.
• a and b are calculated to minimise the squared error 

between the observed values (the data) and the fitted 
values (i.e., those predicted by the model).

• Errors are (approximately) normally distributed.



FIT3152 Data analytics – Lecture 4 Slide 39

Fitting the (linear model)
The lm() function performs a least squares 
regression and creates a linear model object:

> fit = lm(Function ~ Price) # regression of y on x
> fit

Call:
lm(formula = Function ~ Price)
Coefficients:
(Intercept)        Price  
     44.020        6.942

However, the linear model object contains much 
more information than just the coefficients! 
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Line of best fit
This has been covered but worth remembering

> plot(Price, Function)
> abline(fit) # Intercept and gradient are read directly from “fit” 
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Linear model object
To see the details of what the object contains use:

> attributes(fit)
$names
 [1] "coefficients"  "residuals"     "effects"       "rank"         
 [5] "fitted.values" "assign"        "qr"            "df.residual"  
 [9] "xlevels"       "call"          "terms"         "model"        

$class

[1] "lm“

• Thus, fields can be addressed by name or index. For 
example:
> fit$residuals

...

# to see contents of an object

# to access elements by “column”
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Linear model object
More details in the Environment inspector:
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Addressing coefficients
Intercept and slope can be addressed directly as:

> fit$coefficients[1]
(Intercept) 
44.01954 

> fit$coefficients[2]
Price 
6.942303 

# index for specific element in “column”

# These were the parameters used to draw the abline.
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Histogram of fit$residuals

fit$residuals
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Diagnostics – residuals
Ideally, residuals should be normally distributed.

> hist(fit$residuals)

Not conclusive!
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Diagnostics – residuals
A normal quantile plot is a better visual reference

> qqnorm(fit$residuals)
> qqline(fit$residuals)

Good fit
for -1 < z < 1
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Diagnostics – residuals
Residuals should be uncorrelated with input

> plot(Price, fit$residuals)

By eye r » 0
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> summary(fit)
Call:
lm(formula = Function ~ Price)

Residuals:
Min       1Q   Median       3Q      Max 

-19.3839  -6.8347   0.0382   8.1903  13.4312 

Coefficients:

Estimate Std. Error t value Pr(>|t|)    
(Intercept)   44.020      4.565   9.642 3.09e-10 ***
Price          6.942      1.502   4.621 8.43e-05 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 9.185 on 27 degrees of freedom
Multiple R-squared:  0.4416, Adjusted R-squared:  0.421 
F-statistic: 21.36 on 1 and 27 DF,  p-value: 8.428e-05

Median close to 0

Diagnostics – summary
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Coefficients: a, b

> summary(fit)
Call:
lm(formula = Function ~ Price)

Residuals:
Min       1Q   Median       3Q      Max 

-19.3839  -6.8347   0.0382   8.1903  13.4312 

Coefficients:

Estimate Std. Error t value Pr(>|t|)    
(Intercept)   44.020      4.565   9.642 3.09e-10 ***
Price          6.942      1.502   4.621 8.43e-05 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 9.185 on 27 degrees of freedom
Multiple R-squared:  0.4416, Adjusted R-squared:  0.421 
F-statistic: 21.36 on 1 and 27 DF,  p-value: 8.428e-05

Diagnostics – summary
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Hypothesis test that
a, b = 0 vs a, b  ¹ 0

> summary(fit)
Call:
lm(formula = Function ~ Price)

Residuals:
Min       1Q   Median       3Q      Max 

-19.3839  -6.8347   0.0382   8.1903  13.4312 

Coefficients:

Estimate Std. Error t value Pr(>|t|)    
(Intercept)   44.020      4.565   9.642 3.09e-10 ***
Price          6.942      1.502   4.621 8.43e-05 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 9.185 on 27 degrees of freedom
Multiple R-squared:  0.4416, Adjusted R-squared:  0.421 
F-statistic: 21.36 on 1 and 27 DF,  p-value: 8.428e-05

Diagnostics – summary
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... Note on the p-value
The p-value is the probability of obtaining the 
value of the test statistic (coefficient) if null 
hypothesis was true (that is, the coefficient = 0 in 
this case).



FIT3152 Data analytics – Lecture 4 Slide 52

Coefficient of
Determination: r2

> summary(fit)
Call:
lm(formula = Function ~ Price)

Residuals:
Min       1Q   Median       3Q      Max 

-19.3839  -6.8347   0.0382   8.1903  13.4312 

Coefficients:

Estimate Std. Error t value Pr(>|t|)    
(Intercept)   44.020      4.565   9.642 3.09e-10 ***
Price          6.942      1.502   4.621 8.43e-05 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 9.185 on 27 degrees of freedom
Multiple R-squared:  0.4416, Adjusted R-squared:  0.421 
F-statistic: 21.36 on 1 and 27 DF,  p-value: 8.428e-05

Diagnostics – summary
This is the proportion of the
variability in the data explained
by the model
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Overall significance
of regression: that at 
least one coefficient ¹ 0

> summary(fit)
Call:
lm(formula = Function ~ Price)

Residuals:
Min       1Q   Median       3Q      Max 

-19.3839  -6.8347   0.0382   8.1903  13.4312 

Coefficients:

Estimate Std. Error t value Pr(>|t|)    
(Intercept)   44.020      4.565   9.642 3.09e-10 ***
Price          6.942      1.502   4.621 8.43e-05 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 9.185 on 27 degrees of freedom
Multiple R-squared:  0.4416, Adjusted R-squared:  0.421 
F-statistic: 21.36 on 1 and 27 DF,  p-value: 8.428e-05

Diagnostics – summary
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> summary(fit)
Call:
lm(formula = Function ~ Price)

Residuals:
Min       1Q   Median       3Q      Max 

-19.3839  -6.8347   0.0382   8.1903  13.4312 

Coefficients:

Estimate Std. Error t value Pr(>|t|)    
(Intercept)   44.020      4.565   9.642 3.09e-10 ***
Price          6.942      1.502   4.621 8.43e-05 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 9.185 on 27 degrees of freedom
Multiple R-squared:  0.4416, Adjusted R-squared:  0.421 
F-statistic: 21.36 on 1 and 27 DF,  p-value: 8.428e-05

Coefficients: a, b

Hypothesis test that
a, b = 0 vs a, b  ¹ 0
Coefficient of
Determination: r2

Median close to 0

Diagnostics – summary

Overall significance
of regression: that at 
least one coefficient ¹ 0
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Correlation
Let’s not forget that correlation and regression are 
intimately connected:

> cor(Price, Function) # Pearson’s least squares r
0.6645614

> cor(Price, Function)^2
0.4416419

Which is the multiple R-squared reported on the 
previous slide.
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Prediction
The linear model object can be used to calculate 
other fitted values such as forecasts as well as 
confidence and prediction intervals.
• For example, calculate the functionality of 

toothbrushes costing $6, $7 and $8:
> predict.lm(fit, newdata = data.frame(Price=c(6,7,8)), 

int="conf")
    fit   lwr    upr
1 85.67 75.26  96.08
2 92.62 79.26 105.97
3 99.56 83.21 115.91
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?predict.lm
• Description

Predicted values based on linear model object.

• Usage
predict(object, newdata, se.fit = FALSE, scale = 
NULL, df = Inf, interval = c("none", "confidence", 
"prediction"), level = 0.95, type = c("response", 
"terms"), terms = NULL, na.action = na.pass,         
pred.var = res.var/weights, weights = 1, ...)

• Arguments
object : Object of class inheriting from "lm"
newdata : An optional data frame of input variables. 
If omitted make fitted values.
Interval : Type of interval calculation.
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Summary
In this section we covered:
• Linear regression
• Interpreting the regression model
• Fitting a regression model in R and interpreting the 

output
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Multiple linear regression
In this section we’ll cover:
• Multiple linear regression
• Regression with qualitative variables and non-linear 

data
• Fitting a regression model in R and interpreting the 

output
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Multiple linear regression
Applying least squares to multiple predictors:
• The relationship is now of the form:           

y » a1x1 + a2x2 + a3x3 + ... + b, or            
y = a1x1 + a2x2 + a3x3 + ... + b + e, where e~N(µ,s2)

• x and y are numerical variables. We consider 
categories in x next.

• ai and b are calculated to minimise the squared error 
between the observed values (the data) and the fitted 
values (i.e., those predicted by the model).

• Errors are (approximately) normally distributed.
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Concrete compressive strength
Given the components and age of concrete, 
predict the resulting compressive strength.
• File: Concrete.csv

http://archive.ics.uci.edu/ml/datasets/Concrete+Compressive+Strength

Cement Slag Ash Water Plas CA FA Age Strength
540 0 0 162 2.5 1040 676 28 79.99
540 0 0 162 2.5 1055 676 28 61.89
332.5 142.5 0 228 0 932 594 270 40.27
332.5 142.5 0 228 0 932 594 365 41.05
... ... ... ... ... ... ... ... ...

http://archive.ics.uci.edu/ml/datasets/Concrete+Compressive+Strength
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Variables
Inputs
• Cement  kg/m3 
• Blast Furnace Slag  kg/m3 
• Fly Ash  kg/m3 
• Water  kg/m3 
• Superplasticizer  kg/m3 
• Coarse Aggregate  kg/m3 
• Fine Aggregate  kg/m3 
• Age Days 
Output
• Concrete compressive strength MPa
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Each predictor individually
Let’s look at the ability of each input to predict 
the strength of concrete individually.

> Concrete <- read.csv("Concrete_regression.csv")
> > round(cor(Concrete[,1:8],Concrete[,9]), digits = 3)

         [,1]
Cement  0.498
Slag    0.135
Ash    -0.106
Water  -0.290
Plas    0.366
CA     -0.165
FA     -0.167
Age     0.329

But what is the limitation 
of this approach?
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Each predictor individually
Or as a set of scatter plots:
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To plot each predictor individually
> pdf("Concrete Plots.pdf", width=20, height=10)
> par(mfrow = c(2, 4))
> for (i in 1:8) {
>   plot(Concrete$Cement,Concrete$Strength)  
>   plot(Concrete$Slag,Concrete$Strength)  
>   plot(Concrete$Ash,Concrete$Strength)  
>   plot(Concrete$Water,Concrete$Strength)  
>   plot(Concrete$Plas,Concrete$Strength)  
>   plot(Concrete$CA,Concrete$Strength)  
>   plot(Concrete$FA,Concrete$Strength)  
>   plot(Concrete$Age,Concrete$Strength)  
> }
> dev.off()
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Model: 2 predictors 
Using only two input variables: cement and water:

> Concrete <- read.csv("Concrete_regression.csv")
> attach(Concrete)
> fit <- lm(Strength ~ Cement + Water)
> fit

Call:
lm(formula = Strength ~ Cement + Water)

Coefficients:
(Intercept)       Cement        Water  
    49.9699       0.0763      -0.1961  
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Summary
> summary(fit)

Call:
lm(formula = Strength ~ Cement + Water)

Residuals:
   Min     1Q Median     3Q    Max 
-36.60 -10.76   0.00   9.46  41.57 

Coefficients:
            Estimate Std. Error t value Pr(>|t|)    
(Intercept) 49.96990    3.98731   12.53   <2e-16 ***
Cement       0.07631    0.00416   18.36   <2e-16 ***
Water       -0.19612    0.02034   -9.64   <2e-16 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Residual standard error: 13.9 on 1027 degrees of freedom
Multiple R-squared: 0.31, Adjusted R-squared: 0.309 
F-statistic:  231 on 2 and 1027 DF,  p-value: <2e-16 
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3D scatterplot
> install.packages("scatterplot3d") # random find
> library(scatterplot3d)
> sur <-scatterplot3d(Water, Cement, Strength, pch=16)
> fit <- lm(Strength ~ Water + Cement) 
> sur$plane3d(fit)
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Model: all predictors 
Using all input variables: cement and water:

> fit <- lm(Strength ~ . , data = Concrete) # note “.” = all
> fit

Call:
lm(formula = Strength ~ ., data = Concrete)

Coefficients:
(Intercept)       Cement         Slag          Ash  
   -23.3312       0.1198       0.1039       0.0879  
      Water         Plas           CA           FA  
    -0.1499       0.2922       0.0181       0.0202  
        Age  
     0.1142   

Use “.” to include all other columns
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Summary (coefficients)
Coefficients:
             Estimate Std. Error t value Pr(>|t|)    
(Intercept) -23.33121   26.58550   -0.88   0.3804    
Cement        0.11980    0.00849   14.11   <2e-16 ***
Slag          0.10387    0.01014   10.25   <2e-16 ***
Ash           0.08793    0.01258    6.99    5e-12 ***
Water        -0.14992    0.04018   -3.73   0.0002 ***
Plas          0.29222    0.09342    3.13   0.0018 ** 
CA            0.01809    0.00939    1.93   0.0544 .  
FA            0.02019    0.01070    1.89   0.0595 .  
Age           0.11422    0.00543   21.05   <2e-16 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 
0.1 ‘ ’ 1 
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Summary (coefficients)
Accessing elements in the summary output directly, 
to put in a table, or make a graph for example:

> summary(fit)$coefficients[,4] # all p-values
 (Intercept)       Cement         Slag          Ash ...
3.803719e-01 1.897989e-41 1.598993e-23 5.019648e-12 ... 

> summary(fit)$coefficients[7,3] # 7th t value
1.925656
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Summary (residuals/model)
Call:
lm(formula = Strength ~ ., data = Concrete)

Residuals:
   Min     1Q Median     3Q    Max 
-28.65  -6.30   0.70   6.57  34.45 

Residual standard error: 10.4 on 1021 degrees of 
freedom
Multiple R-squared: 0.616, Adjusted R-squared: 0.613 
F-statistic:  204 on 8 and 1021 DF,  p-value: <2e-16  
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Qualitative predictors
These are non-numerical, for example eye colour:
• When the variable has more than two levels, each level 

must be a separate variable in the regression equation. 
Indicator (0, 1) variables show the status of each 
observation at each factor level. This is also known as 
one-hot encoding among machine learners!`

Person Eye.colour Person Eye.Blue Eye.Brown Eye.Green
A Blue A 1 0 0
B Brown B 0 1 0
C Green ---> C 0 0 1
D Blue D 1 0 0
E Blue E 1 0 0
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Diamond data
From Applied Session 2:

> library(ggplot2)
> set.seed(9999) # Random seed
> dsmall <- diamonds[sample(nrow(diamonds), 1000), ] 

# sample of 1000 rows
> g = ggplot(data = dsmall, aes(x = carat, y = price, 

colour = color, size = clarity, alpha = cut)) + 
geom_point()
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Diamond data
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Basic plot: first observations
Non-linear:
• Take logs of price and size.
Categorical variables:
• Clarity
• Color
• Cut

Note that data appears exponentially
distributed in both x and y axes.
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Plot using all variables on log scale
Linear relationship
• Natural logs: loge(carat) etc.

> g = ggplot(data = dsmall, aes(x 
= log(carat), y = log(price), 
colour = color, size = clarity, 
alpha = cut)) + geom_point()

• Note, R uses:
> log to mean ln or loge
> log10 for log base 10
> Clarity has 8 levels



FIT3152 Data analytics – Lecture 4 Slide 78

6

7

8

9

10

−1 0 1
log(carat)

lo
g(
pr
ic
e)

clarity
I1

SI2

SI1

VS2

VS1

VVS2

VVS1

IF

Plot using size and clarity only
Concentrating only on size and 
clarity as predictors of price.

> g = ggplot(data = dsmall, aes(x 
= log(carat), y = log(price), size 
= clarity)) + geom_point()
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Regression with factors
Specify ‘clarity’ as a ‘treatment’ having 8 levels 
and perform the regression as usual.
• R implicitly creates an indicator matrix (0, 1 terms) 

for levels. 
> attach(dsmall)
> contrasts(clarity) = contr.treatment(8) # 8 levels
> d.fit <- lm(log(price) ~ log(carat) + clarity)
> d.fit
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Coefficients
> d.fit

Call:lm(formula = log(price) ~ log(carat) + clarity)

Coefficients:
(Intercept)   log(carat)     clarity2

7.7884       1.8324       0.4506     
clarity3     clarity4     clarity5
0.6052       0.7852       0.8264

clarity6     clarity7     clarity8
0.9675       1.0290       1.1138

> Note that the final model implicitly includes the
lowest factor level of the treatment (I1 = clarity1) as
the base case.
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Summary
Coefficients:

Estimate Std. Error t value Pr(>|t|)    
(Intercept)  7.78844    0.04926 158.108   <2e-16 ***
log(carat)   1.83242    0.01108 165.319   <2e-16 ***
clarity2     0.45065    0.05137   8.772   <2e-16 ***
clarity3     0.60524    0.05086  11.900   <2e-16 ***
clarity4     0.78523    0.05099  15.398   <2e-16 ***
clarity5     0.82644    0.05200  15.893   <2e-16 ***
clarity6     0.96753    0.05321  18.184   <2e-16 ***
clarity7     1.02899    0.05410  19.019   <2e-16 ***
clarity8     1.11380    0.05809  19.173   <2e-16 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 
etc.
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Contrasts
To see which clarity level corresponds to each 
treatment look at the contrast matrix:

> contrasts(clarity)
2 3 4 5 6 7 8

I1   0 0 0 0 0 0 0
SI2  1 0 0 0 0 0 0
SI1  0 1 0 0 0 0 0
VS2  0 0 1 0 0 0 0
VS1  0 0 0 1 0 0 0
VVS2 0 0 0 0 1 0 0
VVS1 0 0 0 0 0 1 0
IF   0 0 0 0 0 0 1
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Summary (overall)

Residual standard error: 0.1843 on 991 degrees of 
freedom
Multiple R-squared:0.9672,
Adjusted R-squared: 0.9669
F-statistic: 3652 on 8 and 991 DF,
p-value: < 2.2e-16
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Fitted model
ln(price) v ln(carat)

> g = ggplot(data = dsmall, aes(x 
= log(carat), y = log(price), size 
= clarity)) + geom_point() + 
geom_abline(intercept = 7.8, 
slope = 1.8)

• Basic model fitted to I1.
• Quality increase additive.
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Fitted values
Recall

> d.fit
Call:
lm(formula = log(price) ~ log(carat) + clarity)
Coefficients:
(Intercept)   log(carat)     clarity2     clarity3  
     7.7884       1.8324       0.4506       0.6052  
   clarity4     clarity5     clarity6     clarity7  
     0.7852       0.8264       0.9675       1.0290  
   clarity8  
     1.1138

• What should a 1.5 carat, VVS1 diamond sell for?
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Fitted values
• What should a 1.5 carat, VVS1 diamond sell for?

log(price) = log(carat) * log(x) (+ intercept) + clarity
log(price) = 1.8324 * log(1.5) + 7.7884 + 1.0290
log(price) = 1.8324 * 0.4055  + 7.7884 + 1.0290
log(price) = 9.5603
    price  = $14,191

Coefficients:
(Intercept)   log(carat)     clarity2     clarity3  
     7.7884       1.8324       0.4506       0.6052  
   clarity4     clarity5     clarity6     clarity7  
     0.7852       0.8264       0.9675       1.0290

Log(y) =

Raising each side to the power of ex
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Fitted values
Going back to the 
original plot:

Size = 1.5
Clarity = VVS1
price  = $14,191
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Summary
In this section we covered:
• Multiple linear regression
• Regression with qualitative variables and non-linear 

data
• Fitting a regression model in R and interpreting the 

output
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Extension
Subsets and shrinkage methods:
• When the number of input variables is large relative to 

the number of observations, a regression model may 
be improved by reducing the number of inputs.

• Improvements include: less variability in predictions, 
irrelevant variables removed, model more 
interpretable.

• Methods include identifying a subset of inputs, 
shrinkage and regularization, dimension reduction.  
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Extension
You can learn these methods in James et al., An 
Introduction to Statistical Learning: with 
Applications in R, 2nd Ed. (2021)
• Best subset regression 6.1,
• Ridge regression 6.2.1,
• Least Absolute Shrinkage and Selection Operator 

(LASSO) 6.2.2,
• Dimension reduction 6.3, and
• Examples of how to apply these methods in 6.5.
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References
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References
Books available online from the Monash Library
Teetor, P., R Cookbook (2012) 
• (pp 267 – 288 a good reference on regression and 

regression diagnostics)
G. James et al., An Introduction to Statistical 
Learning: with Applications in R, 2nd Ed. (2021)
• Chapter 3, Linear Regression, Sections 3.1 – 3.3, This 

is quite technical and statistically heavy!, 3.6 (Lab) 
has some good examples. “Advertising” data example 
is used in the tutorial, “carseats” data also.


