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Linear modelling is about language

Is there a difference between the 3 diets?

obster weights

ssssssssssssssssssss

Can diet predict lobster weight?
Model(Diet) = Weight



Simple linear model

* Linear regression

Correlation: is there an association between 2 variables?
Regression: is there an association and
can one variable be used to predict the values of the other?
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Correlation = Association Regression = Prediction




Simple linear model

* Linear regression models the dependence between 2 variables:
a dependent y and a independent x.

e Causality
e Model(x) =y
predictor
response\ /
— *
y = F’o v B1| X
Model

* InR:
Correlation: cor ()
Linear regression: 1m ()



Linear regression

Light Depth

4105.646 1.00

H ° 4933.925 1.75

* Example: coniferlight.csv
4528618 3.25

3442 610 4.00

con1fer<—read_csv("conlferllght.csv") 1640297 e
2368.113 B8.25

2778.557 7.00

2419.193 7.75

 Question: how is light (lux) affected by the depth (m) at which it is measured from the
top of the canopy?

5000 .
light = B, + B, *depth . .
4000 *
5 .
3000 * .
. ™
- »
2000
L ]
. 2.I5 5.IU ?.I5 1UI.U
conlifer %>% Depth

ggplot (aes (Depth, Light))+
geom point (colour="forestgreen", size=3)



Linear regression

* Linear modelling in R: 1m (y~x)

* Regression: Im (coniferSLight~conifer$Depth)
* or. Im(Light~Depth, data=conifer)

Im (Light~Depth, data=conifer) -> linear.conifer



Linear regression

linear.canifer

@ Intensity difference.R

@] Untitled3*

directio 3  m [

Environment

= | | B2 Import Dataset =

] Global Environment =
Data

s £

File Edit Code View Plots Session Build Debug Profile Tools Help
LR+ - Go to file/function - Addins ~
niitled2* @ | Quantitative data analysis_0919.Rmd @ | Power analysis.Rmd [ | Linear Modeling.Rmd*
Show Atiributes
Name Type Value
@ linear.conifer list [12] (53: Im) List of length 12
© coefficients double [2] 5014 -282
(Intercept) double [1] 5013882
coniferSDepth double [1] -292.1614
D residuals double [13] -616 431 133 464 -403 1014 ...
D effects double [13] -12284 -20956 178 542 -202 1158 ..
rank integer [1] 2
D fitted values double [13] 47322 4503 4284 4064 3845 3626 ...
assign integer [2] 01
D qr list [3] (S3: gr) List of length 5
df.rezidual integer [1] 1
wlevels list [0] List of length O
D call language Im{formula = conifer$light ~ coniferSDepth)
D terms formula conifer§Light ~ coniferiDepth
D model list [13 = 2] (53: data.frame) A dataframe with 12 rows and 2 columns

linear.conifer

Console  Terminal R Markdown Jobs

+' geom_point()
-
> Im(coniferiLight~coniferibepth)

call:
Im(formula = coniferfLight ~ coniferipe

coefficients:
(Intercept)
5014.0

coniferipepth
-292.2

.
= ## that also works #
= Im(Light~Depth, data=conifer)

call:
Im(formula = Light ~ Depth, data = conifer)

Coefficients:
(Intercept)
5014.0

Depth
-292.2

@ 1inear. conifer ]

=0

light = B, + B, *depth
light = 5014 - 292*depth

Files  Plots
bllnstal @Upda:e
Name
gmodels
gplots
+| graphics
«| grDevices
grid
gridExtra
gss
gtable
gtools
haven
hexbin
highr

Packages Help

History Connections
’
-

13 obs. of 2 variables
List of 12

Viewer

Description

Various R Programming Tools for Model
Various R Programming Tools for Plottin
The R Graphics Package

The R Graphics Devices and Support for
The Grid Graphics Package
Miscellaneous Functions for "Grid" Grap
General Smoothing Splines

Arrange 'Grobs' in Tables

Various R Programming Tools

Import and Export "SPSS', 'Stata’ and 'SA
Hexagonal Binning Routines

Syntax Highlighting for R Source Code



Linear regression

* Line of best fit (= regression line) light = 5014 - 292*depth

coefficients ()

& linear.conifer list [12] (53: Im) List of length 12
& coefficients double [2] 5014 -292 Coefficients:
(Intercept) double [1] 5013.982 (Intercept)
conifersDepth double [1] -292.1614 5014.0
0 residuals double [13] -616 431 133 464 -403 1014 ...
0 effects double [13] -12284 -2956 178 542 -292 1158 ...
rank integer [1] 2
0 fitted.values double [13] 4722 4503 4284 4064 3845 3626 ...
assign integer [2] 01
O qgr list [5] (53: gr) List of length 5
df.residual integer [1] 11
xlevels list [0] List of length O
0 call language Im(formula = coniferSlight ~ coniferSDepth)
¥ terms formula coniferilight ~ conifersDepth
) model list [13 x 2] (53: data.frame) A data.frame with 13 rows and 2 columns

7

geom abline (intercept=

conifer$oepth

-292.2

’

\

slope= )

It's a vector!

cf.abline[1l]

(Intercept)

5014.0



Linear regression

coefficients(linear.conifer)

-> cf.abline
conifer

O O
5>%

Coefficients:

(Intercept) coniferi$pepth
ggplot (aes (Depth, Light))+

5014.0 -292.2
geom point( colour="forestgreen", size=3)+
geom abline (aes(intercept=cf.abline[l], slope=cf.abline[2]))

5000+

4000

Light

3000

L
2000+

2.5

L]
5.0

7.5 1dD
Depth

light = 5014 - 292 *depth



Linear regression

Im(Light~Depth, data=conifer)
summary (linear.conifer)

Ccall:
Tm{formula

conifer$Light ~ conifer$Depth)
Residuals:

Min 10 Median 3q Max
-819.9 -330.5 -192.3 431.2 1014.1

Coefficients:

(conifer$pepth)

Signif. codes:

[ REe=G T
5013. 98
-292.16

rror t wvalue Pri=|t]|)

342.15 14.654 el
-5, 27 0.000263

35.41
0.01 *#' 0.05 .7

vy ? §yryr?d

0 0.001

Residual srtandard error: 56
Multiple |R-squared: 0.7165
F-statistic: Z7.8 on L and

.7 on 11 degrees of free
Adjusted R-squared:
1 oF, p-value: 0.00026

Coefficient of determination

—> Jlilnear.conifer

Coefficients:
(Intercept)
5014.0

conifer$oepth
-292.2

p-value

ko

0.1 ¢ 1
clom

0. 8907

33



Linear regression

 Coefficient of determination:

e R-squared (r?):
— It quantifies the proportion of variance in Y that can be explained by X, it can be expressed as a

percentage.

— e.g. here 71.65% of the variability observed in light is explained by the depth at which it is measured in a
conifer tree.

Residual : 0.7 on 11 degrees of freedom
Multiple| R-squared: 0.7165 Adjusted R-squared: 0.6907

F-statistic: Z7.8 on 1 and 11 DF, p-value: 0.0002633

e r: coefficient of correlation between x (depth) and y (light)
— e.g. here: r=-0.846 so r2 =-0.846 * -0.846 = 0.716 = R-squared

[ ] I N B [ I

-10 -08 -06 -04 -02 00 +02 +04 +06 +08 +1.0

> head(conifer) conlifer %>% -
1 \'_"_'—W'—/
Light Depth .
1 4105.646 1.00 cor test (Light, Depth) ”
2 4933. 925 l. ?'5 — ge?a:!iveh' :c;f:t:\;?]sm
3 4416.527 2.50 Xy T "X A .
4 4528.618 3.25 TXAY XY
5 3442.610 4.00 vart  var2 statistic p
6 4640.297 4.75

Light Depth -5.272411  0.000263 [erettonss]




Linear regression

summary (linear.conifer)

call:
Im{formula = conifer$Light ~ coniferiDepth)

Residuals:
Min 10 Median E s Max
-819.9 -330.5 -192.3 431.2 1014.1

coefficients:
Estimate std. Error t value Pri=|t|)

(Intercept) 5013. 98 342.15 14.654 i
conifer$pepth -292.16 55.41 -5.27X 0.000263 )=+

Signif. codes: 0 f#%%' Q.001 **+*' 0.01 **' Q.05 *." 0.1 * " 1
Residual standacd eccoc. 560.7 on 11 degrees of freedom

Multiple |R-squared: 0.7165 Adjusted R-squared: 0.6907
F-statistic: Zr7.8 on L and 11 DF, =value: 0.0002633

Total amount of variability:

: . 8553 + 3457910 =12196463
anova (linear.conifer)

Proportion exptained by depth:
8738553/12196463 + 0.716

analysis of variance Table

rResponse: conifer$Light

Df_Sum_5g Mean 5gq F value F
Model conifer$pepth 1 8738553 |8738553 27.798(0.0002633) ===
Error Residuals 11 3457910 ) 314355

Signif. codes: 0 f##%#*' Q0,001 ‘#=° 0.01 ‘=’ 0.05 *." 0.1 * " 1




Linear regression the error €

* Depth predicts about 72% (R-Squared) of the variability of light
* 50 28%is explained by other factors (e.g. Individual variability...)
 Example: the model predicts 3627 lux at a depth of 4.75 m in a conifer.

3627 = 5014 - 292%4.75

y=Bg+BX+E

5000
4500 4 !
4000

. 4.75m s 8 10

conifer$Depth

3]



linear.conifer <-1lm(Light~Depth, data=conifer)

“ Light Depth

& linear.conifer list [12] (53: Im) List of length 12 1 | 4105628 100
2 coefficients double [2] 5014 -292 2 4933925 175
& residuals double [13] -616 431 133 464 -403 1014 ... 3 4416577 2.50
1 double [1] -616.1747 4 4528618 3.25
2 double [1] 431.2254 3 3442810 4.00
3 double [1] 132.9487 [ 6 | 1640.297 475 ]
3081.990 5.50
4 double [1] 464.1605
6.25
AN2 7
5 double [1] 260 00
6 double [1] 1014.081 775
7 double [1] -325.1044 8.50
8 double [1] 819.861 12 2982.499
9 double [1] -192.2953 13 1862320
10 double [1] -330.5381
11 double [1] 2033228 5000 7
12 double [1] 671.0097
13 double [1] -230.0434 4500 — i
D effects double [13] -12284 -2956 178 542 -292 1158 ... .
rank integer [1] 2 4000 - E Re5|dua|=err0r E
D fitted.values double [13] 4722 4503 4284 4064 3845 3626 ...
£ i
© ]
23500 i
Q 1
light = 5014 /292 *depth |
3000 - |
3627 =5014 - 292*4.75 ’
3627+1014=4641 = |
2000 |

light = 5014 - 292*depth+ € — T

conifer$Depth



Assumptions

The usual ones: normality, homogeneity of variance, linearity and independence.

Outliers: the observed value for the point is very different from that predicted by the regression
model

Leverage points: A leverage point is defined as an observation that has a value of x that is far
away from the mean of x

Influential observations: change the slope of the line. Thus, have a large influence on the fit of
the model. One method to find influential points is to compare the fit of the model with and
without each observation.

— The Cook's distance statistic is a measure of the influence of each observation on the
regression coefficients.

Bottom line: influential outliers are problematic.



2 linear.conifer
coefficients

residuals

Linearity

Homogeneity
of
variance

Residuals

{IStandardized residuals|

Assumptions

list [12] (53: Im) List of length 12
double [2] 5014 -292
double [13] -616 431 133 464

500 1000

0

1000

1.2

0.8

0.4

0.0

Residuals vs Fitted

@12

8%

l l I I l
2000 2500 3000 3500 4000 4500

O

Fitted values

Scal
] 212 L]
] w
[+]
— L]
L]
— < o

l l I I l
2000 2500 3000 3500 4000 4500

Fitted values

Standardized residuals

Standardized residuals

-4031014 ...

par (mfrow=c(2,2))

MNormal Q-Q

l l I I l l
0.5 05 10 15

Theoretical Quantiles

Residuals vs Leverage

og -
120
< [+
]
q3’/‘}/o \b
10
- Cook's®distance i

T T T T —
000 005 010 015 020 025

Leverage

plot(linear.conifer)

Normality

Outliers
Influential cases



Linearity

Homogeneity
of
variance

Residuals

YIStandardized residualsl

-10

Assumptions

Residuals vs Fitted

0.0

T
0.5

I
1.0

Fitted value

Fitted values

ized residuals

O

Standardized residuals

Normal Q-Q

Theoretical Quantiles

Residuals vs Leverage

45
o 4T
o -
OO
e =]
o o
= 7 %’ﬁwﬁ@%o&&zo_g
o [=]
]
o @
o - L]
T - IR
' --~ Cook's distance _-~~ 50

[ I I I
0.00 0.02 0.04 0.08

Leverage

Normality

Outliers
Influential cases



Linear regression

Your turn!

* loadconiferlight.csv —-> conifer
* Plot the data geom point ()
* Buildthe model: Im (Light~Depth, data=conifer)-> linear.conifer
* |dentify the coefficients of the model
e Add a line of best-fit

coefficients (linear.conifer) -> cf.abline

geom abline (intercept=cf.abline[l], slope=cf.ablinel2])
* Is the relationship between Depth and Light significant? summary (1linear.conifer)
* How much of the variance is explained? R?
* What is the coefficient of correlation? cor test (conifer)
* Compare the outputs of summary (linear.conifer) andanova (linear.conifer)
* Check out the assumptions

par (mfrow=c (2, 2))

plot (linear.conifer)



The linear model perspective

. .'&'\*:f... .
[ . ® '.. . * *
. o L} .

female

Coyotes= Body length~Gender

Protein = Expression™~Cell line

Goggles = Attractiveness™~Alcohol and Gender



The linear model perspective

ooooooooooooo

Continuous predictor Categorical predictor

Coyotes body length

* |Isthere a difference between the 2 genders?

becomes

* Does gender predict coyote body length?



Example: coyotes

e Questions: do male and female coyotes differ in size?

— does gender predict coyote body length?
— how much of body length is predicted by gender?



read csv ("coyote.csv")

coyote %$>%

ggplot (aes (gender, length,
geom jitter (height=0, size=4, width=

The linear model perspective

-> coyote

theme (legend.position = "none")+
ylab ("Length (cm)")+
scale colour brewer (palette="Dark2")+

xlab (NULL) +

stat summary (fun=mean, fun.min=mean,

Comparing 2 groups

colour=gender)) +

0.2) +

fun.max=mean,

eom="errorbar", colour="black"
4 4

100 1

90

Length (cm)

80 1

70

male

size=1.2,

width=0.6)



The linear model perspective
Comparing 2 groups

t test (length~gender, var.equal=T)

Y- groupi group2 nt n2 statistic ~_df
length female male 43 43 -1.641109 84

Im(length~gender, data=coyote)

call:
Im{formula = coyotellength ~ coyote$gender)

Length (cm)

Coefficients:
{(Intercept) coyoteigendermale
89.712 2.344

female / male

Females=89.71 cm, Males=89.71 + 2.34=92.05




The linear model perspective
Comparing 2 groups

lm(length~gender, data=coyote) :-.. .':.::
El:;llélrmu'la = coyote$length ~ coyotefgender) ;ggo' _:;_}_'::_ ". .'.::..
cn#ﬁgﬁ?igén‘ag;g cnynte$gende;Tglj 380- ‘0’. ./01..
Body length = B, + B,*Gender \ /
Model
_( 89.71 If Female
Body Length = ( 92.06 ) ( If Male )
0 If Female
Body Length = 89.71 +
Y Lehg ( 2.344 If Male

Body length = 89.712 + 2.344*Gender



The linear model perspective
Comparing 2 groups

Y =By + B*X continuous

conifer.csv

light = 5014 - 292*depth

categorical

coyote.csv

Body length = 89.712 + 2.344*Gender

- 0 If Female
Body Length = 89.71 + ( 2 344 ) ( If Male )

vector /
\
y =By + B*X



The linear model perspective
Comparing 2 groups

Model

*
4
¥
9

Residuals



The linear model perspective
Comparing 2 groups

linear.coyote<-1lm(length~gender, data=coyote)

lll’lear . Coyote [~ linear.coyote list [13] (53: lm) List of length 12
2 coefficients double [£] 8971 2.34

Coeffigd :
(Intercept) | coyotelgendermale (Intercept) double [1] 89.71163
89,712 2.344
coyoteSgendermale double [1] 2344186

D residuals double [86] l 329¢.2022911.893.29-5.11 ..
86 coyotes
* L
o* t?" Body Length = 89.71 + ( 2.??44 ) ( If Female )
~%.
A Female 1: 89.71 + 3.29 =93 cm
. ’ length gender
» . 93.0 female
92:0 female
. o5 e
211 ® 84.5 female
e . 102.5 female
femake 97.8 female

91.0 female
98.0 female



The linear model perspective

coyote %>%
(

t test(length~gender, var.equal=T)

Y- group1
length

anova (linear.coyote)

Analysis of variance Table

rResponse: coyoteflength
Df Sum 5g Mean 5q F value

coyote$gender 1 118.1 118.147 2.6932|0.1045

Residuals 84 3684.9 43.B6B

group2 LLLIN

female male 43 43

Comparing 2 groups

)

-1.641109

Length (cm)

100

90 A

80

704

summary (linear.coyote)

call:
Im(formula = coyote$length ~ coyote$gender)

rResiduals:
Min 10 Median 3q Max
-18.7116 -4.0558 0.2884 3.9442 12.9442

Coefficients:
(Intercept)

== std. Error T value A
89.712 1.010 B8.820
coyote$gendermale 2.344 1.428 1.841

Signif. codes: 0 “##+*' 0,001 ‘#**' 0.01 ‘*' 0.05 0.1 ° "1
residual standard error: 6.623 on 84 degrees of freedom
Multiple rR-sgquared: 0.03107, adjusted R-squared: 0.01953
F-statistic: 2.693 on 1 and B84 DF, p-value: 0.1045

s *
* o?.

X

— 8 e

‘e o
. ‘t ¢

female

male



The linear model perspective
Comparing 2 groups

summary (linear.coyote)

call:
Im{formula = coyote$length ~ coyote$gender)

Residuals:
Min 1 Median 3q Max
-18.7116 -4.0558 0.2884 3.9442 12.9442

Coefficients:

Estimate std. Error t© wvalue pr=|t|) AbOUt 3% Of the Var|ab|||ty
(Intercept) 89.712 1.010 88.820 <2e-16 www
coyotefgendermale 2.344 1.428 1.641 0.105

Signif. codes: O f##¥¥*' 0,001 “#*' 0.01 “#*° 0.05 °

in body length is explained
by gender.

Ll D.l 5 L)

Residual standard error: 6.623 on B4 degre

iple R-squared: 0.03107,
i _ TEYIT AT 81

55 of freedom
sdjusted R-squared: 0.01953
DF, p-value: 0.1045

anova (linear.coyote)
analysis of variance Table

Response: coyoteflength

Df (Sum Sq)Mean 5q F value Pr(>F)
coyote$gender 1| 118.1|118.147 2.6932 0.1045

Residuals B4 |3684.9) 43.B6EB

118.1 + 3684.9 = 3803: total amount of variance in the data
Proportion explained by gender: 118.1/3803 = 0.031




The linear model perspective
Comparing 2 groups

linear.coyote

& linear. coyote List of 13
coefficients : Named num [1:2] B89.71 2.34

Assumptlons '\l ..— attr(®, "names")= chr [1:2] "(Intercept)"” "coyotefgendermale"

residuals : MNamed num [1:86] 3.29 7.29 2.29 11.89 3.29 ]

Par (mfrow=c (2 , 2) ) - attri* "mamas "= che [1-RAT ™1 "2 2 A
plot(linear.coyote)
Residuals vs Fitted Normal Q-Q
(=T 8 t_“‘: ~ T
I |- .
Linearity § -4 g e Normality
£ o3 SOE T ~ shapiro test()
5 - T T T T T 7 _-020 T T T T T
90.0 90.45 91.0 94 920 -2 -1 0 1 2
Fitted values Theoretical Quantiles
Constant Leverage:
Scale-Location Residuals vs Factor Levels
2 Eig ?aé =2 ] 8 é
Equality of i 3 3 : :
quality 241 e H -------- g Outliers |
Variance o |} - ’ : "
levene test() g : R 0 °
SOI_[J 90|_5 91I_[J 91I_5 92|_0 Coy0t8$ge?§jr§£|fe m;le

Fitted values Factor Level Combinations



Example: coyote.csv

* Questions: do male and female coyotes differ in size?

— does gender predict body length?
« Answer: Quite unlikely: p = 0.105

— how much of body length is predicted by gender?
« Answer: About 3% (R2=0.031)




Exercises 9 and 10: coyotes and protein expressions

° coyote.csv coyote<-read csv ("coyote.csv")
* Runthet-testagaint test ()
* Run the same analysis using a linear model approach 1m ()
* Compare the outputs and understand the coefficients from 1m ()
e Use summary () andanova () toexplore further the analysis
* Work out R?2 from the anova () output
* Don’t forget to check the assumptions

° protein.expression.csv protein<-read csv ("protein.expression.csv")
* Log-transformed the expression 1og10 ()
* Run again the anova using anova test ()
* UseIm () andsummary () forthelinear model approach
e Compare the 2 outputs
* Work out the means log10.expression for the 5 cell lines
* Compare the outputs and understand the coefficients from 1m ()
* Work out R?2 from the anova () output
 Don’t forget to check out the assumptions



Exercise 10 : protein.expression.csv

e Questions: is there a difference in protein expression between the 5 cell lines?

— does cell line predict protein expression?
— how much of the protein expression is predicted by the cell line?



Exercise 10 : protein.expression.csv - Answers

protein %>%
anova_ test (logl0.expression~line)

ANOVA Table (type II tests)

Effect DFn DFd F p lp<.05 ges
1 Tine 4 73 8.123|1.78e-05 *10.308

protein %>%
tukey hsd(loglO.expression~line)

™~ generalised effect size (Eta squared n?) = R? ish

Tukey correction

term groupl group2 estimate conf.low conf.high p.adj p.adj.signif
1 line A B -0.25024832 -0.578882494 0.0/7838585 | 2.19e-01 ps
2 line A C -0.07499/724 -0.37499/7820 0.22500335 | 9.56e-01 ps
3 line A D 0.3054939/ 0.005493391 0.60549456 | 4.39e-02 [
4 line A E 0.13327517 -0.166725416 0.4332/7575 | 7.2/7e-01 phs
5 line B C 0.17525108 -0.124749499 0.4/7525167 | 4.81e-01 phs
6 line B D 0.55574230 0.255741712 0.85574288 | 1.83e-05 [***
7 line B E 0.38352349 0.083522904 0.6835240/7 | 5.48e-03 [~
8 line C D 0.38049121 0.112162532 0.64881989 | 1.54e-03 [~
9 line C E 0.20827240 -0.060056276 0.4/7660108 | 2.02e-01 phs
10 line D E -0.17221881 -0.44054/7487 0.0961098/7 | 3.84e-01 ps
—



Exercise 10 : protein.expression.csv - Answers

linear.protein<-lm(logl(O.expression~line, data=protein)

anova (linear.protein)

Df Sum Sq Mean Sq F value =
Tline 4 2.691 0.6728 8.12{ 1.78e-05) %x*x*
Residuals 73 6.046 0.0828

== Im(loglO.expression~line,data=protein)

SRt Colles: '@ "EeRTipiohl "o e Y REs L.TIRY " M
call:
Im{formula = Togl0.expression ~ line, data = protein.stack.clean)
1_- t: ' Coefficients:
Summary ( lnear-pro eln) (Intercept) TineB TineC TineD TineE
call: -0.03144 -0.25025 -0.07500 0. 30549 0.13328
Im{formula = logl0.expression ~ line, data = protein.stack.clean)
Residuals:
Min 10  Median 3q Max

-0.62471 -0.21993 0.02264 0.18263 0.69537

Coefficients:
Error © wvalue pPri=|t|)

{(Intercept) 0.08308 -0.378 0.70617

Tined 0.11749 -2.130 0.03855 *

Tinec 0.10725 -0.699 0.48661

TineD 0. 30549 0.10725 2.848 0.00571 ==

TineE 0.132328 0.10725 1.2432 0.21798

Signif. codes: 0 f##*=' 0.001 *+#*' 0.01 “*° 0.05 *." 0.1 * "1

Residual standard error: 0.2878 on 73 degrees of freedom

Multiple R-squared: 0O.308, Adjusted R-sguaress=0.2701
F-statistic: 8.123 on 4 and 73 DF, p-value:(1.784e-05



Exercise 10 : protein.expression.csv - Answers

. h
protein 3%>% Ime mean
group_by (line) 3%>% A -0.03144412
summarise (mean=mean (logl0.expression)) [ B 10.28169245
C 0.10544136 MOdel
( \ ; D 0.27404985
—0.03144} (Line A E 0.101831Q4

—0.28169 Line B

Expression =| | —0.10644 Line C
0.27405 Line D

\\ 0.10183 /) \ Line E

Im(loglO.expression~line,data=protein)

call:

Im{formula = ToglO.expression ~ line, data = protein.stack.clean)

Coefficients:

{(Intercept) TineB Tinec TineD lineE
-0.03144 -0.25025 -0. 07500 0. 30549 0.13328

Expression= 3, + B,;*Line
|

4 j 0 \)/ Line A

—0.25025 Line B Example:
Expression = -0.03144 + | —0.07500 Line C Line B = -0.03-0.25 =|-0.28
0.30549 Line D

0.13328 Line E
\_ ')




Exercise 10: protein.expression.csv - Answers

par (mfrow=c(2,2))

plot (linear.protein)
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Exercise 10 : protein.expression.csv - Answers

linear.protein<-1lm(loglO.expression~line,data=protein)
summary (linear.protein)

call:
Im(formula = ToglO. expression ~ line, data = protein.stack.clean)

rResiduals:
Min 1 Median 3q Max
-0.62471 -0.21993 0.02264 0.18263 0.69537

Coefficients:

Estimate std. Error t value pPr=|tl)
(Intercept) -0.03144 0.08308 -0.378 0.70617
TinerB -0.25025 0.11749 -2.130 0.03655 *

Tinec -0. 07500 0.10725 -0.699 0.48661 PrOpOI’tlon Of Vanance eXp|a|ned
TineD 0.30549 0.10725 2.848 0.00571 =*

TineE 0.13328 0.10725 1.243 0.21798 by Ce” I|neS 31%

;;ém'f. codes: 0 “¥¥=' 0,001 “**’ 0.01 %’ 0.05% *." 0.1 ° ' 1

residual BaZ2B78 on 73 de

Multiple|R-squared:
F-statistic: &

justed R-squared: 0.2701
73 DF, p-value: 1.784e-05

protein %>%
anova test (loglO.expression~line, detailed = TRUE)

Ssn - Source of variation | Sum of Squares df Mean Square F p-value
Between Groups _L2.691 4 0.673 8.12 <0.0001
Effect| ssn  ssd| DFn DFd F p p<.05 ges S5 _pwrwithinGrowps | 6046 | 73 | 0083
1 1ine |2.691 6.046 4 73 8.123 1.78e-05 * 0.308 ol il

2.691 + 6.046 = 8.737: total amount of variance i e data
Proportion explained by gender: 2.691/8.737 =[0.308




Exercise 10 : protein.expression.csv

e Questions: is there a difference in protein expression between the 5 cell lines?

— does cell line predict protein expression?
e Answer: Yes p=1.78e-05

— how much of the protein expression is predicted by the cell line?
e Answer: About 31% (R?=0.308)




Two-way Analysis of Variance

Example: goggles.csv

— The ‘beer-goggle’ effect

853838838
(e v = =
E8338353883
E88HH3da
28IIRB&
E&LEB8HEH8EY

&

— Study: effects of alcohol on mate selection in night-clubs.

— Pool of independent judges scored the levels of attractiveness of the person that the
participant was chatting up at the end of the evening.

— Question: is subjective perception of physical attractiveness affected by alcohol consumption?
— Attractiveness on a scale from 0 to 100

goggles<-read csv("goggles.csv") gender alcohol attractiveness
Female None 05
head (goggles) Female None 70
Female None 60
Female None 60
Female None 60

Female None 55



The linear model perspective
Two factors goggles +>%

group by (alcohol, gender) %>%
goggles %>% summarise (means=mean (attractiveness))
anova_test (attractiveness~alcohol+gender+alcohol*gender)

alcohol gender means

ANOVA Table (type II tests) 0 Pints Female 60.625
0 Pints Male 66.875

Effect DFn DFd p p<.05 ges 2 Pints Female 62.500

1 alcohol 2 42)120.065|7.65e-07 * 0.489 2 Pints Male 66.875
2 gender 1 42| 2.032]1.61le-01 0.046 4 Pints Female 57.500
3 alcohol:gender 2 42|11.911)7.99e-05 * 0.362 4 Pints Male 35.625

linear.goggles<-lm(attractiveness~alcohol+gender+alcohol*gender, data=goggles)
anova (linear.goggles) (3332.3+168.7+1978.1)/(3332.3+168.7+1978.1+3487.5) = 0.611

wee Model

analysis of variance Table

Response: attr activeness

alcohol T|7.648e-07 ##*

gender 0.1614

alcohoT:gender 7.987e-05 #w=

Residuals .04

_ 80
Signif. codes: 0 f##%' Q.001 *#=° 0.01 ‘=’ 0.05 *." 0.1 * " 1

70 A

60

50

Y= Bo + B1*X + Bz*xz + B3*X1Xz N ps

20 - *

Femalé None Male None Female 2 Pints Male 2 Pints Female 4 Pints Male 4 Pints



The linear model perspective
Two factors

linear.goggles<-1lm(attractiveness~alcohol+gender+alcohol*gender, data=goggles)
summary (linear.goggles)

call:
Im{formula = attractiveness ~ alcohol * gender, data = goggles)

Residuals:
Min 1 Median 3q Max
-21.875 -5.825 -0.625 5.156 19.375

Coefficients:
Estimate std. Error © value pri=|t|)

(Intercept) 60.625 3.222 18.81B <« 2e-16 www
alcohol2 Pints 1.875 4.556 0.412 0.683
alcohold Pints -3.125 4.556 -0.686 0.497
genderMmale 6.250 4.5586 1.372 0.177
alcohol2 Pints:gendermale  -1.875 6.443 -0.291 0.77
alcohol4 Pints:gendermale -28.125 6.443 -4.385 8.12e-05 #®#¥*
Signif. codes: 0 f#=#*' 0,001 ‘**' 0.01 “*° 0.05 . 0.1 % ' 1
Residual andard _error: 9. 112 on 42 degrees of freedom

Multiple , Adjusted R-squared: 0.5648
F-statistic! T2 of ang 42 DF, p-value: 9.609e-08

Attractiveness= B, + B,Alcohol + B,Gender + B;Gender*Alcohol

0 If None 0 if Female
Attractiveness = 60.625+ 1.875 if 2 Pints +( 6.250 ) ( if Male )+
~-3.125 if 4 Pints ’
0 Otherwise
—-1.875 if Male and 2 Pints

—-28.125 if male and 4 Pints



Exercise 11: goggles.csv

* goggles.csv goggles<-read csv("goggles.csv")

* Run again the 2-way ANOVA anova test ()
* Run the same analysis using a linear model approach 1m ()
* Work out R? from the anova () output
 Work out the equation of the model from the summary () output
* Hint: Attractiveness= 8, + 6,Gender + 6,Alcohol + 8,Gender*Alcohol

* Predict the attractiveness of a date:
e for a female with no drinks
e for a male with no drinks
e for a male with 4 pints



Exercise 11: goggles.csv - Answers

0 if None 0 if Female
Attractiveness = 60.625+ 1.875 if 2 Pints +( 6.250 ) ( if Male )"'
—-3.125 if 4 Pints ’

0 Otherwise
—-1.875 if Male and 2 Pints

—-28.125 if male and 4 Pints

 goggles.csv goggles %>%
group by (alcohol, gender) %>%

) . summarilse (means=mean (attractiveness))
* Predict the attractiveness of a date:

e for a female with no drinks

60.625+0+0 = 60.625 E!-_;l_:y:hﬂl gfa__ljn_fler mggpf
« fora male with no drinks 0 Pints — 60,625
60.625+0+6.250= 66.875 0 Pints Male 66.875
° for a male W|th 4 p|nts 2 Pints Fer‘lnale B2.500

_ 2 Pints Male b6 873
60.625-3.125+6.250-28.125=35.625 4 Pinte Famale 7 500

4 Pints Male 35.625



The linear model perspective
Categorical and continuous factors

* Nothing special stats-wise with a mix of categorical and continuous factors
 Same logic

* But R makes it a little tricky to plot the model
treelight<-read csv("treelight.csv")

treelight %>%
ggplot (aes (x=Depth, y=Light,

colour=Species) )+
geom poilnt (size=3)

80001 =

6000

Light

Species
aooo{ *

Broadleaf
Conifer

2000+

25

50 75 100
Depth



The linear model perspective
Categorical and continuous factors

Im(Light~Depth+Species+Depth*Species, data=treelight)

call:
Im{formula = Light ~ Depth * Species, data = treelight)

Coefficients:

(Intercept) Depth SpeciesConifer Depth:speciesConifer
7798, 57 -221.13 -2784. 58 -71.04

linear.treelight<-1lm(Light~Depth*Species, data=treelight)
summary (linear.treelight)

call:
Im(formula = Light ~ Depth * Species, data = treelight)

Residuals:
Min 1q Median 30 Max
-819.9 -366.6 -161.3 377.1 1014.1

Coefficients:
Estimate std. Error © value Pr=|t|) (:C)fT1F)|EEt€3 rT]()(jGEI
(Intercept) 7798, 57 298.62 26.115 2.3Be-16 #¥¥
Depth -221.13 6l.80 -3.578 0.00201 *=*
SpeciesConifer -2784,58 44227 -8, 2960 defdaal5 L%
Depth:speciesConifer -71.04 B1.31 -0.874| 0.39321
Signif. codes: 0O “*%%' 0.001 ‘%%’ Q.01 °**' 0.05 *." 0.1 * " 1

Residual standard e : on 19 degrees of freedom
Multiple R-squared:] 0.9379, Adjusted R-squared: 0.9281

F-statistic: 95.71 DF, p-value: 1.195e-11




The linear model perspective
Categorical and continuous factors

e Additive model:

linear.treelight.add<-1lm(Light~Depth+Species,

summary (linear.treelight.add)

Coefficients:

Estimate std. Error T value pri=|t|)

(Intercept) 7962.032 231.36 34.415 <« 2e-1g #w¥®
Depth -262.17 39.92 -6.567 2.13e-0p ##%
SpeciesConifer -3113.032 231.59 -13.442 1.78Be-11 #==*

signif. codes: 0O “#%%' 0,001

Residual standard epcooo 53

Multiple R-squared:| 0.9354,

F-statistic: 144.9 on 2 ang 2u

Feet Q.01 %' 0,03 . 0.1 "1

on 20 degrees of freedom
Adjusted R-squared: 0.929
DF, p-value: 1.257e-12

y B

= Im({Light-Depth+species, data=treelight)

call:

Im(formula = Light ~ Depth + Species, data = treelight)

Coefficients:

(Intercept) Depth SpeciesConifer
7962.0 -262.2 -3113.0

data=treelight)

Value

85

80

75

70 4

65

60

No interaction

Condition

x Caondition 2
Condition 1

Genotype 1 Genotype 2

Genotype

Both Effect




The linear model perspective
Categorical and continuous factors

cf.add<-coefficients(linear.treelight.add)
(Iﬂtercept)-

Deptﬁ Speciéscuﬂifer
7962.0316

-262.1656 -3113.0265

cf.add[1l]
T It’s a vector!
(Intercept)

7962.032

geom abline (intercept=cf.add[1]

slope=cf.add[2])+
geom abline (intercept=(cf.add[1l

]tcf.add[3]), slope=cf.add[2])

8000 1

Broadleaf:

Light = 7962.03 -262.17*Depth

6000+

Conifer:

Light

Species
4000

#  Broadleaf
®  Conifer

Light = (7962.03-3113.03) -262.17*Depth

2000 A




Exercise 12: treelight.csv

* treelight.csv treelight<-read csv("treelight.csv")

* Plot the data
e Run alinear model 1m ()
e Extract the parameters from the additive model
* Plot a line of best fit for each species
e Extract the parameters from the complete model
* Write the new equations for broadleaf and conifer species.
* Plot aline of best fit for each species (use dashed lines to distinguish between
the 2 models).
e C(Calculate the amount of light predicted:
* In a conifer, 4 metres from the top of the canopy
* In a broadleaf tree, 6 metres from the top of the canopy
 How much of the variability of light is predicted by the depth and the species?




Exercise 12 : treelight.csv

cf<-coefficients (linear.treelight)

ggplot (treelight, aes (x=Depth, y=Light, group=Species, colour=Species))+
geom point (size=3)+
geom abline (intercept=cf.add[1l], slope=cf.add[2])+
geom abline (intercept=(cf.add[l]+cf.add[3]), slope=cf.add[2])+
geom abline (intercept=(cf[1l]), slope=cf[2], linetype="twodash")+
geom abline (intercept=(cf[1l]+cf[3]), slope=(cf[2]+cf[4]), linetype="twodash")

Species

# Broadleaf
#®  Conifer




Exercise 12 : treelight.csv

* Extract the parameters from the complete model

cf<-coefficients(linear.treelight)

(Intercept) Depth SpeciesConifer Depth:speciesConifer
7798, 56552 -221.12564 -2784.58333 -71.03575

ggplot (treelight, aes(x=Depth, y=Light, group=Species, colour=Species))+
geom point (size=3)+
geom abline (intercept=cf.add[1l], slope=cf.add[2])+
geom abline (intercept=(cf.add[l]+cf.add[3]), slope=cf.add[2])+
geom abline (intercept=(cf[1l]), slope=cf[2], linetype="twodash")+
geom abline (intercept=(cf[1l]+cf[3]), slope=(cf[2]+cf[4]), linetype="twodash")

Broadleaf: Light = 7798.57 — 221.13*Depth
Conifer: Light = (7798.57-2784.58) — (221.13-71.04)*Depth

e Calculate the amount of light predicted:

* In a conifer, 4 metres from the top of the canopy
(7798.57-2784.58)-(221.13+71.04) *4 = 4413.63

* In a broadleaf species, 6 metres from the top of the canopy
7798.57-221.13*6 = 6471.79



Linear model

Simplest

With 2 factors

WithSinfigpdests

Let’s not forget the error

General formula
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