INSTITUTE

Statistical analysis: concept, practice and
Interpretation

Maxwell Lee

High-dimension Data Analysis Group
Laboratory of Cancer Biology and Genetics
Center for Cancer Research
National Cancer Institute

April 27, 2018



INSTITUTE

Outline of the talk

1) Differential gene expression between two groups
t-test, ANOVA, and linear modeling

2) Association between two variables
correlation, linear regression, and geometric representation

3) Relationship between samples
hierarchical clustering and PCA



How do we know if the difference is statistically significant?

TCGA BRCA 20 samples each group
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We use t-test to evaluate the difference between two groups

( X1—X2)
f =
(S1)? (S2)?
—_ 4 e
N1 N2

0.40
0.35}
0.30}
0.25}

=0.20}
0.15}
0.10}
0.05}
0.00

T-Distribution
T, df=20

0.4

0.1

0.02963 002963

0.0
-2 0 2

T-value




expression

We use t-test to evaluate the difference between two groups

TCGA BRCA 20 samples each group
negative log10 pvalue
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Analysis of variance (ANOVA)

TCGA BRCA 20 samples each group
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Conclusion of the part |

1) t statistic = (X, — X,) / stand error

2) t statistic provides an objective way for evaluating the
statistical significance of the difference between the two

groups.

3) F statistic from ANOVA can also be used to determine the
statistical significance.



Outline of the talk

2) Association between two variables
correlation, linear regression, and geometric representation



gene expression

Correlation between variables

TCGA BRCA 20 samples each subtype
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gene expression

Be aware of different correlations across multiple levels
TCGA BRCA 20 samples each subtype
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Correlation is sensitive to data scale: impact of log transformation

correlation using tag reads
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Correlation is sensitive to data scale: impact of log transformation

correlation using log10 transformation of tag reads
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Simple linear regression model
Y =P+ P X+e

ESRf

PGR

Population Random
Slope Independent Error

Coefficient Variable term

\ N P
Y =By + B4 X, + &

i ¥
Linear component Random Error
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L_east squares solution

RSS=¢e?+e,2+...+¢/°

The least squares approach chooses 3, and 3; to minimize the RSS.
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Linear regression is sensitive to data at multiple levels
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Linear model: linear regression and ANOVA

Y =P+ pX+e
Y X Type
continuous variable continuous variable linear regression
continuous variable categorical variable ANOVA

Y = Pg+ PoXy + PaXy e
Y X Type
continuous variable X, Is continuous ANCOVA

X, Is categorical

IM(ESR1 ~ PGR * subtype)



Multiple linear regression model
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Multiple linear regression model:
traditional representation

Y =B+ BX +PXt g

RSS =X (y; - §))?

=1




Multiple linear regression model:
geometric representation

R? =1 - (RSS/SST)
R =cos(a)



Multiple linear regression model:
geometric representation




Generalized linear model: linear regression and classification

Y =PBot BiXy + BXp - ¥ B Xyt g

Linear Regression and ANOVA

Y X Type
continuous variable continuous variable linear regression
continuous variable categorical variable ANOVA

Classification

Y X Type

categorical variable continuous or classification
categorical



Conclusion of the part ||

1) We can use correlation to evaluate association between two
variables. The correlation is sensitive to data consisting of
heterogeneous groups and data transformation.

2) We can also use regression model to evaluate association
between two variables. Similarly, regression analysis IS
sensitive to data scale and transformation.

3) The linear model is a powerful approach. It can be used for
regression, ANOVA, and classification.

4) Geometric representation can provide insights into the
understanding of linear regression analysis.



Outline of the talk

3) Relationship between samples
hierarchical clustering and PCA



Supervised and unsupervised statistical learning

continuous variable

supervised —

categorical variable

unsupervised—j

Regression model
linear regression, polynomial
regression, glm

Classification
glm, LDA, KNN

Clustering analysis
hierarchical clustering, k-means

Dimension reduction
PCA, MDS, t-SNE



Hierarchical clustering analysis
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Hierarchical clustering analysis of TCGA samples
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Principal component analysis (PCA)

Wariable 1



Principal component analysis (PCA)




Algorithm of PCA

Z, = XUy
Z, = XU,
Z3 = XU

Z = XU
var(Z) = (XU)™XU
var(Z) = U'™X™XU = U'RU

Choose U to maximize UTRU
subjectto UTU = |

RU =AU
U Is the eigenvector and A is eigenvalue



PC2 8.2% variance

PCA analysis of TCGA samples

TCGA BRCA 30 samples each subtype
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Conclusion of the part 111

1) We can use hierarchical clustering to evaluate relationship
among samples.

2) PCA Involves the rotation of the coordinates so that PC1
captures the direction where samples have the largest variance,
followed by PC2, PC3, and so on.

3) Each PC is a linear combination of the original variables.
Ideally, the first a few PC components should capture most of
the variance in the samples.
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