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—when and how to use it ?

Data transformation
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Data transformation = - principles

right-skewed distribution u=x"0.5
u = log(x)
u=1/x

left-skewed distribution u=x"2
u=x"3

proportions, percent data arcsin



y'=(y

Box -Cox data transformation

Y =g"In(y)

(lambda) g{iambdm} * lambda)
apg;xérdn aa te suggested y transformation
-1 reciprocal
-0.5 square root reciprocal
0 natural logarithm
0.5 square root reciprocal
1 no transformation

Lambdaz0

Lambda=0




Advantages of data transformation
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Our problem: we count the parasite eggs in drop-offs of cattle.

Example — data transformation

We are interested to estimate the average number of parasite eggs in one cow.

Ip X x+1 log(x+1) Ip X x+1 log(x+1)
1 0 1 0.00 46 13 14 1.15
2 0 1 0.00 47 14 15 1.18
3 0 1 0.00 48 14 15 1.18
4 0 1 0.00 49 15 16 1.20
5 0 1 0.00 5 15 16 1.20
6 0 1 0.00 51 16 17 1.23
7 1 2 0.30 52 17 18 1.26
8 1 2 0.30 53 17 18 1.26
9 1 2 0.30 5 18 19 1.28
10 1 2 0.30 55 21 22 1.34
11 1 2 0.30 56 28 29 1.46
12 1 2 0.30 57 28 29 146
13 1 2 0.30 58 29 30 1.48
14 2 3 0.48 59 31 32 1.51
15 2 3 0.48 60 35 36 1.56
16 2 3 0.48 61 36 37 1.57
17 2 3 048 62 39 40 1.60
18 3 + 0.60 63 41 42 1.62
19 3 4 0.60 64 43 44 1.64
20 3 4 0.60 65 47 48 1.68
21 4 5 0.70 66 49 50 1.70
22 4 5 0.70 67 51 52 172
23 4 5 0.70 68 57 58 1.76
24 4 5 0.70 69 57 58 1.76
25 B 5 0.70 70 67 68 1.83
26 4 5 0.70 71 68 69 1.84
27 4 5 0.70 72 7: 74 1.87
28 5 6 0.78 73 73 74 1.87
29 5 6 0.78 74 74 75 1.88
30 6 7 0.85 75 80 81 1.91




Example — data transformation

31 6 7 0.85 76 124 125 2.10
32 7 8 0.90 77 129 130 2.11
33 8 9 0.95 78 158 159 2.20
34 8 9 0.95 79 173 174 2.24
35 9 10 1.00 80 189 190 2.28
36 9 10 1.00 81 201 202 2.31
37 10 11 1.04 82 220 221 2.34
38 10 11 1.04 83 278 279 245
39 10 11 1.04 84 280 281 245
40 11 12 1.08 85 459 460 2.66
41 11 12 1.08 86 541 542 2.73
42 12 13 1.11 87 767 768 2.89
43 12 13 1.11 88 830 831 292
44 12 13 1.11 89 938 939 2.97
45 13 14 1.15
Xa =749 Me=13.0 right-skewed distribution
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Example — data transformation

u = log(x’)
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Analysis of variance (ANOVA)

ANOVA is designed to test differences
among more than two groups by analysing
variances




Intra (within )- and inter (between )-group
variance
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Intra (within )- and inter (between )-group
variance
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Intra (within )- and inter (between )-group
variance

— MSbetweeH group — MSeffect
MS MS

within- group error

F

If F close to 1, then there is no difference between
groups

if F >F, .1n.10 WE are entitled to reject H,

experimental




Example

Effect of SNP genetic polymorphism of GPllla of
fibrinogen receptor on blood platelet reactivity was
analysed Iin 41 carriers of the following genetic

variants:

- homozygotes Pl AVAL ( wild type”),
- heterozygotes Pl AYA2 and
- homozygotes Pl A2/A2,

Question: Is platelet aggregation affected by genetic
polymorphisms Pl AlVA27
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Making a choice

which type of analysis ?

normality

homoscedasticity

hypothesis testing



Hypotheses

what should they say ?

H,: blood platelet reactivity is the same
iIn all compared polymorphic groups;
Xy = X, = Xq

H,: blood platelet reactivity differs in the
compared polymorphic groups;
Xt G2 X



Example

Implications

If H, cannot be rejected
PIAYAZ nolymorphism does not affect platelet
reactivity

If H, is true
PIAYAZ2 polymorphism affects blood platelet
reactivity



Factors — what are they ?

one-way ANOVA
two-way ANOIVA —interactions !
multi-way ANOVA

Fixed factors:
polymorphic variant, sex, disease status

Random factors:
parameter value below-above arbitrary threshold
value



Factor interactions

Summary of effects

1- SEX, 2 -Gl
df effect MS effect df error MS error F p level
1 1 1.742 367 0.249 7.007 0.0085
2 1 0.873 367 0.249 3.345 0.0701
12 1 0.004 367 0.249 0.015 0.9034
Summary of effects
1 - G'y 2 - CAD
df effect MS effect df error MS error F p level
1 1 1.645 429 0.247 6.613 0.001
2 3 1.249 429 0.247 5.063 0.0019
12 3 1.025 429 0.247 4.028 0.038




Example

Two groups with 10 individuals each:
e healthy individuals
e patients with CAD

Half of each group treated with
placebo, another half with
150 mg ASA/day
Question:
a) how does ASA affect blood platelet reactivity and
b) do patients differ from healthy subjects with platelet response to ASA?

no ASA CAD healthy ASA 150 CAD healthy
21.3 28.8 14 11
40.2 29.3 12.8 10
26.2 32 18.4 14.3
39.1 25 12.7 14.5

35.8 23.8 16.5 10.8




Hypotheses

and patients with CAD, Or Uneaithy # LcAD.

Ho: there is no interaction between ASA intake and the presence of CAD,
Ha: there is an interaction between ASA intake and the presence of CAD.




Example




Hypotheses




ANOVA In details - example




ANOVA In detalls - questions

what are we particularly after ?

IS It the effect of Gl or the effect of sex ?

IS It reasonable to expect that the effect of Gl is
dependent upon sex ? why so ?

IS sex rather an interactive or confounding variable ?
how should statistical hypothesis look like ? what is
our question?

,does Gl affect serum glucose concentration
Independently of sex ?”

,do Gl and sex independently affect serum glucose
concentration ?”

what should be the hierarchy of these two factors: Gl /
number of narrowed vessels ?

should we consider a nested design ?



ANOVA - nested design - example

Wells coated with two types of proteins at their increasing

concentrations were tested for their ability to bind mCRP :
- fibronectin

- VWF

Question: Does the type of a matrix and its concentration
affect mCRP binding ?




Latin squares — how to design the
examination of a single factor

A, B, C i D means examined factors (antagonists)

factor ,diagnostician” in placed in rows, factors ,blood
IS placed in columns of the square

donor”




Greek-Latin squares — how to design the
examination of two factors

part of the forest
day

A, B, C, D, E, Fi G mean examined factors (feromones), numbers 1-7 — are
increasing attractant (feromone) concentrations; co lumns 1-7 mean
the parts of the forest, where the bait was located, rows 1 -7 mean the
subsequent days of a week




Analysis of variance - summary

to make your data better fit a normal distribution and
be homoscedastic, you may use data transformation

(Box-Cox transformation)

a priori experimental designing is a MUST to make a
proper choice of ANOVA model

If your factors interact, it is senseless to determine th e
effect of each factor separately, since the overall effec t
would be attributed merely to a group of factors; you

may then consider to use a hierarchical (nested) design

of ANOVA



Post hoc multiparametric tests
— multiple testing

parametric ANOVA:

Tukey test
Newman-Keuls test
Dunnett test
Scheffe test

non-parametric analysis — Kruskal-Wallis test

Conover-Inman post-hoc pairwise multiple
comparison test



Bonferroni’s correction — alternative for multiple
comparisons tests

a=0.05 u=095 a=1-u

how many comparisons ?

1 (u) 1-(u)*
2 1)
3 1@y
6 (° 1P



Bonferroni’s correction —

- alternative for multiple comparisons tests

a=0.05




Bonferroni’s correction — how came ?




canonical function 2

Discriminant analysis

canonical function 1

no Ml
subendocardial
transmural




Discriminant analysis
- how to minimize a bias ?

jacknife technigue — leave one out (LOO)
what is that ?

For a sample with a size equal n we calculate the statistics
for all the data, and next we eliminate one case tn_Li and
cdlculate the statistoics again; we do the same for all the
cases

The corrected statistics is estimated from the equation:

t' =nt, - (n- Dt _, LT




