R course for beginners

Session 2: Statistics

Based on R Lecture by Juan Luis Mateo, COS
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Session 1 — Recap commands

getwd() read.delim() data[row,column] | rbind() +
setwd() write.table() colnames|() <- i
dir() rownames() c() -
length() 1:10 /
seq() A
rep() sum()
array() mean()
sd()
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What are we going to do?

isher's exact
test

Descriptive Statistics @

-
O
O
Chi square test
O .
O
® ® ®
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What are we going to do?

: : Descriptive Statistics
isher's exact

test

Data description

Estimation of variance
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Data description k
/ \ \
. Descriptive Statistics/
1) Measures of centrality N
A
- Mean: estimate of the mean value of a variable in your sample
1<
X=—— X
n ; :

- Median: value separating the higher half of your data from the lower half

- Quantiles: value separating x% data from the rest
----> the median is also the 2-quantile
----> in most cases, 75% and 25% are of interest
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Data description

ive Statistics

1) Measur Median: &8 4y
- Mean: es O
o O
25% quantile: 75% quantile: ©
3.6 6.3
- Median: ' & _ 3r half
- Quantiles
----> the
—->in _
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P
Data description )

% A
Descriptive Statistics
S— N

2) Measures of spread

/ \
w; |
" )

A ,““\;777”/ //
S
//ﬂ\‘
- Range: difference between minimum and maximum value in your data

- Variance: showing how far values are from the mean value

----> standard deviation as equivalent measure, square root of variance
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Data description — descriptive statistics

Commands: mean, median, min, max, median, quantile, sd, range

Mean/Sd: cp. Session 1

Median: computes the sample median
Min: returns minima of input values
Max: returns maxima of input values
Quantile: calculating the quantiles

OR: use one of various summary commands!

Command: summary
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Data description — descriptive statistics

1) Load data ,,sleep_data_simple.txt*

Remember from session 1: where's your data stored? Direct R to that folder,
then load data

2) Describe your data: mean,median,25th and 75th quartiles,min,max
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Data description — descriptive statistics

1) Load data ,,sleep_data_simple.txt*
Remember from session 1: where's your data stored? Direct R to that folder,
then load data

2) Describe your data: mean,median,25th and 75th quartiles,min,max

= sleep=<-read.delim("sleep data simple.txt")
= summary(sleep)
X8.hours.sleep.group..X. X4.hours.sleep.group..Y.

Mir. :3.0 Min. :1.00
lst Qu.:3.0 1st Qu.:1.75
Median :5.0 Median :4.00
Mean ;5.0 Mean 24,00
ard Qu.:5.5 3rd Qu.:6.00
Max . 9.0 Max . :8.00
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Statistical tests — Recap /\/ \/Y\\

Statistics?

In theory, we don't have noise and events follow a precise law \)\f)/

(e.g. free fall: 21=h —;gt)

@
@
In reality, measurements are not precise - N
Averaging to get rid of noise, smooting data
----> jdea of statistics
I | I
----> the more data, the better S

e
Christine GlaRer ---- ZMBH ---- Room 504 ---- +49(0)6221-54 6824 ---- c.glaesser@zmbh.uni-heidelberg.de




Statistical tests — Recap

Model probability for specific types of events

a) Binomial distribution: repetition with binary outcome

0.10 0.15 0.20 0.25
[l L 1 |

0.05
1

d sssstaschiene”

0.00

™ &
*

* p=0.5 and n=20
* p=0.7 and n=20
* p=0.5 and n=40

0 10
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Statistical tests — Recap

Statistics?

Model probability for specific types of events

b) Poisson distribution: probability of a given number of eventsina
defined amount of time, we know the average ®

0.40— . . : . @
0.35}
0.30}
= 0.25}
a 0.20}
=
0.15}
0.10}
0.05}
0.00

0 5 10 15 20
K

http://en.wikipedia.org/wiki/Poisson_distribution

e
Christine GlaRer ---- ZMBH ---- Room 504 ---- +49(0)6221-54 6824 ---- c.glaesser@zmbh.uni-heidelberg.de




UNIVERSITAT
HEIDELBERG
ZUKUNFT
SEIT 1386

Statistical tests — Recap

Model probability for specific types of events

c) Exponential distribution: processes with exponential behaviour D
O

http://en.wikipedia.org/wiki/Exponential_distribution
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Statistical tests — Recap /M\
Stat

Model probability for specific types of events &J\

h
istic/s?))\
d) Normal distribution: probability of an event falling far from the @

expected value

10 T L L I L T T T T Q
| H=0, 0%=0.2, =—| | -
I /\ H=0, 0?=1.0, m—
08 H=0, 0?%=5.0, = |
H=-2, 0?=0.5, == _

[\ |

¥ \

\ :
| =\ |

E‘:ﬂ o2(X)
™~
S

0.0

L | 1 1 1 1 L 1
1 0 1 2 3 4 5
X

http://en.wikipedia.org/wiki/Normal_distribution
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Statistical tests — Recap \
N
ohhh 1

Statistics?
Hypothesis testing: test if our data follows that distribution /)/
* Null hypothesis HO: statement we want to test @
---> Standard: two things are comparable ®
()

 Alternative hypothesis: HO is false

e Result: probability
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Statistical tests — Recap

Probability: measure of uncertainty

----> p-value D
@

,Gold standard“: p-value of 0.05, meaning 95% confidence that your

observation is significant

e
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Statistical tests — Recap

HOWEVER...
Fal itives! ®
alse positives! -
o

Imagine: 10,000 genes

Thanks to Simon Anders, EMBL

None is differentially expressed, but you think there are some

Assume a p-value of 0.05
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Statistical tests — Recap /\( M
\g Statistics?
HOWEVER... |
Sl f/
y -
False positives! ®
o

Imagine: 10,000 genes

Thanks to Simon Anders, EMBL

None is differentially expressed, but you think there are some

Assume a p-value of 0.05

P-value definition: result is assigned value p, then probability of
seeing a result this strong only due to noise is p-value
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Statistical tests — Recap

N
Statistics? /\

HOWEVER... U}

®
@

False positives!

Imagine: 10,000 genes

Thanks to Simon Anders, EMBL

None is differentially expressed, but you think there are some

Assume a p-value of 0.05

---> 5% of genes will have p-value <0.05 (500 genes!)
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Statistical tests — Recap M.
tatistics? 4
HOWEVER... ﬂ

S
s
@

Y
False positives! ®
@

Imagine: 10,000 genes
None is differentially expressed, but you think there are some

Assume a p-value of 0.05

---> assume 1000 genes have p-value <0.05; those contain 500 false
positives (50%!)
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Statistical tests — Recap /\K .
Q Statistics? \
HOWEVER... \\K
. -
False positives! .
@

Imagine: 10,000 genes
None is differentially expressed, but you think there are some
Assume a p-value of 0.05

---> techniques to adjust p-value
---> Benjamini-Hochberg most common, adjusts 0.05 raw to 0.5
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Statistical tests — Recap

Statistics?

e Focus on continuous samples (D

@
« Parametric tests: tests require assumptions about data distribution -

 Non parametric tests: tests do not require assumptions about data distribution

e
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Statistical tests — Student's t-test

» Parametric test

« Data is normally distributed

« Either one sample: HO: mean has a specific value

or two samples: HO: samples have equal mean values

Additional assumption: variances are equal
---> if not: Welch's t-test
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Statistical tests — Student's t-test

» Parametric test

« Data is normally distributed

« Either one sample: HO: mean has a specific value

or two samples: HO: samples have equal mean values

Additional assumption: variances are equal
---> if not: Welch's t-test

 Paired tests (e.g. same proband, different arms) give more statistical power;
paired t-test possible
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Statistical tests — Student's t-test

Q: is there a significant difference between group X and Y?

Do a t-test with sleep data X and Y

Command: t.test

W

sleep <- read.delim("sleep data_simple.txt")

> zleep

¥XEB.hours.=sleep.group. .X. X4.hours.sleep.group. . ¥.
1 5 i
2 7 1
3 5 4
4 3 [
5 5 [
& 3 4
7 3 1
8 9 2
» t.test(=2leepl[,1], =leep[,2])

Welch Two Sample t-test

data: sleep[, 1] and sleep[, 2Z]

t = 0.8473, df = 13.563, p-value = 0.4115

alternative hypothesis: true difference in means is not equal to O
95 percent confidence interval:

-1.538936 3.538936

sample estimates:
mean of X mean of vy

S 4

> |
e e
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Statistical tests — Chi square test

 Nominal data
e HO: frequencies of values of our samples are independent

« Samples are sufficiently large

T ]
ad N Command: chisq.test
Chi square test > chisg.test(siesn)
ij \\ Pearson's Chi-sguared test

f
\ ,/
Y\“*/\\;///\ data: sleep

X-=zquared = 11.2416, df = 7, p-value = 0.1284

)
N
Warnmeldung:
(“\ In chisg.test(sleep) : Chi-Ouadrat-Approximation kann inkorrekt =sein
_/
_ - |

O

Error message refers to small samples!
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Statistical tests — Fisher's exact test

e Equivalent to Chi square test, but with ...

... small samples

Command: fisher.test

—
//j , > fisher.test(=2leep)
Fisher's exact
test Fisher's Exact Test for Count Data

\&)\;

data: s=leep
p-value = 0.127%

C) alternative hypothesis: two.sided
)
. Two-sided: both directions are considered equally likely
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What are we going to do?

Statistical tests Data description ¢

Estimation of variance
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Estimation of variance — Recap ﬁ
~ Variance? |
~

Correlation: Statistical relationships involving dependence

‘\\k /ﬂ

-

 Pearson's correlation coefficient works for linear relationships | >
« Spearmans' rank correlation coefficient for non-linear relationships %

anti-correlation: negative values
correlation: positive values

0.8

0.6

0.4

0.2

~0.2

-0.4

-0.6

Christine GlaRer ---- ZMBH ---- Room 504 ---- +49(0)6221-54 6824 ---- c.glaesser@zmbh.uni-heidelberg.de



UNIVERSITAT
HEIDELBERG
ZUKUNFT
SEIT 1386

f‘

-y \/Y\
Estimation of variance — Recap /f
~ Variance? |

~

L\\, /
< L j/\j

« Convertion of set of (possibly correlated) values into set of values of %
linearly uncorrelated variables = principal components "
e First principal component has the largest possible variance

R

PCA: Principle Component Analysis

o |
<

20

0

% i

:@ : Z} f{ Comp. 1

.1
2
T8
X5 u
] .6 .
-80 -60 -40 -20 0 20 40 60
Component 1: 28.697 % variance

20

Component 2: 16.954 % variance
40

60

http://www.bestcoloringpagesforkids.com/nemo-coloring-pages.html

-80

e
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Estimation of variance — Recap
- Variance? )
?f\f \ ///
Clustering: Finding similarities < . 4
« Taxonomy in biology based on clustering (cladistics)
 Different methods: hierarchical clustering, kmeans clustering...
: : : g O Taxonomic
a) Hierarchical clustering T Kingdoms
(Q;W"’m Fukayotic of Life
* Known from taxonomy .
* Build a hierarchy of clusters N
« Agglomerative: each observation starts in own cluster, |
then those clusters are connected ot |
* Divisive: all observations in one cluster, then those are split .«
Kingdom
11.11t1i;tion nutrliticn
J/lwww.scholarsjunction.com/Taxonomy.aspx E;Zg’?‘;? Aﬁ?ﬁiﬂbﬂl’h
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Estimation of variance — Recap
Variance?

Clustering: Finding similarities

e Taxonomy in biology based on clustering (cladistics)
 Different methods: hierarchical clustering, kmeans clustering...

b) Kmeans clustering

* Number of clusters is known
e Each cluster has a center (=centroid)
o |teratively: 1) choose centroids
2) choose centroids, so that they are closer to your data points
3) relate all data points to the closest centroids
4) recalculate centroids
----> do so until the centroids do not change again

s
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Estimation of variance — Recap

http:/www-m9.ma.tum ial/felix-klein/clustering/Methoden/K-Means.php Va ri a n ce ?
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"y VAN
Estimation of variance — Recap / \/
\
e ~ Variance? |
=
A
- /
K&\j/ ,,>
@
@

e
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Estimation of variance — Recap
P y A
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Estimation of variance — Recap

http://www-m9.ma.tum. de/material/felix-klein/clustering/Methoden/K-Means.php
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Estimation of variance — Correlation

Now: using default data set, provided by R
----> mtcars

e
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Estimation of variance — Correlation

> mtbtcars

Now: using (

mpg cyl disp hp drat wt gsec vs am gear carb

Mazzda ERX4 21.0 6 1a60.0 110 3.90 2.620 16.468 0 1 4 4
____> mtcars HMazda EX4 Wag 21.0 6 1a0.0 110 3.90 2.875 17.02 0 1 4 4
Datsun 710 22.8 4 1082.0 93 3.85 2.320 182.81 1 1 4 1
Hornet 4 Drive 21.4 6 258.0 110 3.08 3.215 195.44 1 0O 3 1
Hornet Sportabout 18.7 8 360.0 175 3.15 3.440 17.02 O O 3 2
Valiant 18.1 6 225.0 105 2.76 3.480 20.22 1 O 3 1
Duster 360 14.3 8 360.0 245 3.21 3.570 15.24 0 O 3 4
HMerc 240D 24.4 4 146.7 62 3.69% 3.190 20.00 1 O 4 2
Merc 230 22.8 4 140.8 95 3.92 3.150 22,90 1 O 4 2
Merc 280 19.2 6 1a7.6 123 3.92 3.440 18.30 1 O 4 4
HMerc 220C 17.8 6 1a7.6 123 3.92 3.440 18.90 1 0O 4 4
Merc 4505E la.4 & 275.8 180 3.07 4.070 17.40 O O 3 3
Herc 4505L 17.3 g 275.8 180 3.07 3.730 17.80 O O 3 3
Merc 4505LC 15.2 & 275.8 180 3.07 3.780 18.00 O O 3 3
Cadillac Fleetwood 10.4 & 472.0 205 2.93 5.250 17.98 O O 3 4
Lincoln Continental 10.4 & 460.0 215 3.00 5.424 17.822 0 O 3 4
Chrysler Imperial 14.7 g 440.0 230 3.23 5.345 17.42 0 O 3 4
Fiat 128 32.4 4 T82.7 66 4.08 2.200 19.47 1 1 4 1
Honda Civic 30.4 4 T75.7 52 4,93 1.815 18.52 1 1 4 2
Toyota Corolla 33.9 4 T71.1 &5 4.22 1.835 19.90 1 1 4 1
Toyota Corona 21.5 4 120.1 97 3.70 2.485 20.01 1 O 3 1
Dodge Challenger 15.5 & 312.0 150 2.76 3.520 16.87 O O 3 2
AMC Jawvelin 15.2 & 304.0 150 3.15 3.435 17.30 0 O 3 2
Camaro Z28 13.3 & 350.0 245 3.73 3.840 15.41 0 O 3 4
Pontiac Firebird 19.2 & 400.0 175 3.08 3.845 17.05 O O 3 2
Fiat H1-9 27.3 4 T79.0 66 4.08 1.935 18.90 1 1 4 1
Porsche 914-2 26.0 4 120.3% 91 4.43 2.140 16.70 0 1 5 2
Lotu=s Europa 30.4 4 95.1 113 3.77 1.513 16.90 1 1 5 2
Ford Pantera L 15.8 8 351.0 264 4.22 3.170 14.50 0 1 5 4
Ferrari Dino 19.7 6 145.0 175 3.e2 2.770 15.50 0 1 5 &
Ma=zerati Bora 15.0 & 301.0 335 3.54 3.570 14.80 0 1 5 g
Volvo 142E 21.4 4 121.0 109 4.11 2.780 18.60 1 1 4 2

e
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Estimation of variance — Correlation

Now: using default data set, provided by R
----> mtcars

Command: cor()
---> check ?cor for settings
---> calculate correlation using Pearson

> cor({mtcars)

inals)
cyl
di=p
hp
drat
Wt
gsec
Vs
am
gear
carb

1.
8521620
.8475514
.7T76l684
6811718
.8676594
.418&6840
. 6640389
.59598324
.4802848
5508251

mEg
0000000

cyl

8521620
.0000000
3020329
8324475
.B895959381
. 7824958
55812421
.8108118
5226070
4926866
.5289883

di=p
-0.8475514
0.9020329
1.0000000
0.7909486
-0.7102139
0.88797499
-0.4336979
-0.7104159
-0.5912270
-0.5555692
0.3949769

hp

.7T76l684
8324475
. 79059486
.0000000
4487591
.6587479
.T082234
.T230967
2432043
L1257043
. 74898125

drat

.68117191
. 69993811
LT1021393
44875912
00000000
. 71244065
09120476
44027846
LT1271113
. 69961013
09078980

Wt

.8676594
. 7824958
.88797399
.6587479
.T124406
0000000
.1747159
. 5549157
. 6924353
5832870
.42T76059

gsec

41868403
. 59124207
. 43369788
.TOB22339
09120476
17471588
00000000
. T44535494
.22986086
L212688223
85624323

=

. 6640389
.8108118
.T710415%9
.T2309a7
.4402T8S
. 5549157
. T445354
0000000
1683451
2080233
5696071

ar

. 59983243
52260705
59122704
24320426
LT1271113
. 63249526
.22986086
16834512
00000000
. T9405876
05753435
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gear

. 4802848
4926866
.5555682
L1257043
. 6996101
5832870
2128822
2080233
. 7940588
0000000
L.2T7407T28

carb

550892507
.52698829
.39497686
. T4981247
09078980
.42Ta0594
85624323
.56960714
05753435
27407284
00000000
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Estimation of variance — Correlation

Now: using default data set, provided by R
----> mtcars

Command: cor()
---> check ?cor for settings
---> calculate correlation using Spearman

> cor(mtcars,

Bitae)
cyl
disp
hp
drat
Wt
gsec
vE
am
gear
carkb

1.
.5108013
.5088824
.2946646
. 8514555
.8804220
. 46689358
. T085968
5020057
0427816
. 85743976

i ags
QQQo000

cyl

.5108013
0000000
32768516
. 301739039
6788812
8577282
.5T23508
8137890
5220712
. 56431035
. 58008680

method="spearman™)

disp
-0.9088824
0.9276516
1.0000000
0,.8510426
-0.68355921
0,.8977064
-0.4597818
-0.7236643
-0.6240677
-0.5944703
0,5397781

hp

.2946646
. 301739039
8510426
0000000
5201250
10
6086060
. 7515934
3023276
.3314016
. T333794

drat

. 65145546
.6TEEE115
68359210
52012499
00000000
. T5039041
09186863
44745745
.6805T0TS
. T4481617
L125222594

Wt

.8804220
8577282
8977064
L TT46TaT
. T503904
0000000
2254012
5870162
LT3T7TT126
.6Tel2E4e
4998120

gsec

. 46633575
L5T235095
45978176
.eeoe0a02
09186863
22540120
00000000
. T9157148
20333211
14819967
65871814

=]

. T0853968
8137890
. T230043
. T215934
. 4474575
5870162
. T915T1S
0000000
1683451
28286017
.86336948

am

26200565
52207118
62408767
36232756
.86865T0TS
LT3ITTLZES
20333211
16834512
00000000
80788800
084368525

gear

.042TELlE
. 5643103
. 5944703
.3314016
. T4481l62
.8761l284
. 14813937
2828017
. 8078880
0000000
1148870

UNIVERSITAT
HEIDELBERG
ZUKUNFT
SEIT 1386

carb

.85T749T64
. 580068738
. 53977806
LT33IITAET
L125222594
49981205
. 65871814
.83369482
084368525
114886598
00000000
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Estimation of variance — PCA

Command: prcomp()

---> check ?prcomp for settings

---> calculate PCA for data set ,USArrests”®

---> prcomp advises to scale data before calculating PCA; data will have unit
variance afterwards

---> thus, our command is: prcomp(USArrests, scale=TRUE)
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Estimation of variance — PCA

Command: prcomp()

---> check ?prcomp for settings

---> calculate PCA for data set ,USArrests”

---> prcomp advises to scale data before calculating PCA; data will have unit
variance afterwards

---> thus, our command is: prcomp(USArrests, scale=TRUE)

---> |ook at the summary to determine how strong your variance is in each
component (e.g.)
Command: summary(prcomp(USArrests, scale=TRUE))
OR you could store the result of prcomp(USArrest, scale=TRUE) in

a variable...
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Estimation of variance — PCA

Command: prcomp()

---> check ?prcomp for settings

---> calculate PCA for data set ,USArrests”

---> prcomp advises to scale data before calculating PCA; data will have unit
variance afterwards

---> thus, our command is: prcomp(USArrests, scale=TRUE)

---> |ook at the summary to determine how strong your variance is in each
component (e.g.)
Command: summary(prcomp(USArrests, scale=TRUE))
pr <- prcomp(USArrests, scale=TRUE)

summary(pr)
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Estimation of variance — PCA

Command: prcomp()
---> a plot would be more informative!

---> biplot(pr)
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Estimation of v:

Command: prcon
---> a plot would b
---> biplot(pr)
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Estimation of variance — Clustering

Hierarchical clustering

First, we need to calculate the distances in our data

Command: dist()
---> distance <-dist(USArrests)

Then, we can go on with clustering

Command: hclust()
---> hclust(distance)

Again, a plot would be nicer...
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Estimation of variance — Clustering

Hierarchical clustering

First, we need to calculate the distances in our data

Command: dist()
---> distance <-dist(USArrests)

Then, we can go on with clustering
Command: hclust()

---> hclust(distance)

Again, a plot would be nicer...

Command: plot(hclust(distance))
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Estimation of variance — Clustering

Kmeans clustering

How many centroids?

---> use e.g. cluster structure derived by hclust...
---> ... do a scree plot ...
-—-> .. Scree Plot

Assuming 8 clusters N

Command: kmeans()
---> read ?kmeans 21

Eigenvalue

1 2 3 4 5 & 7 &8 9 10 11 12 13

Component Number
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Estimation of variance — Clustering

Kmeans clustering

How many centroids?

---> use e.g. cluster structure derived by hclust...

---> ... do a scree plot ...
> .,

Assuming 8 clusters

Command: kmeans()
---> read ?kmeans

---> kmeans(USArrests, 8)
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Estimation of variance — Clustering

Kmeans clustering

How many centroids?

---> use e.g. cluster structure derived by hclust...

---> ... do a scree plot ...
> .,

Assuming 8 clusters

Command: kmeans()
---> where are the clusters?

Plot

Outlook: kmeans with random starts, hclust with different methods
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Estimation of variance — Clustering

Kmeans clustering

How many centroids?

---> use e.g. cluster structure derived by hclust...

---> ... do a scree plot ...
> .,

Assuming 8 clusters

Command: kmeans()
---> where are the clusters?

---> kmeans(USArrests, 8)$cluster
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Estimation of variance — Clustering

Kmeans clustering

How many centroids?

---> use e.g. cluster structure derived by hclust...

---> ... do a scree plot ...
> .,

Assuming 8 clusters

Command: kmeans()
---> where are the clusters?

---> kmeans(USArrests, 8)$cluster

A plot would be cool...
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Estimation of variance — Clustering

Kmeans clustering

How many centroids?

---> use e.g. cluster structure derived by hclust...

---> ... do a scree plot ...
> .,

Assuming 8 clusters

Command: kmeans()
---> plot(USArrests, kmeans(USArrests, 8)$cluster)

With colors?

---> plot(USArrests, col=kmeans(USArrests, 8)$cluster)
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Estimation of variance — Clustering

Kmeans clustering

How many centroids?

---> use e.g. cluster structure derived by hclust...

---> ... do a scree plot ...
> .,

Assuming 8 clusters

Command: kmeans()
---> plot(USArrests, kmeans(USArrests, 8)$cluster)

With names?

---> advanced, special libraries can simplify your task...
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- - -_ - -

Estim:

CLUSPLOT of MTCARS Data

Kmean:

How m:

---> USE
> (o
>
I
Assumi s
Commi:

With na -

---> ad\

| Component 1

These two components explain 84.17 % of the point variahi(‘)y. o
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