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Presentation outline

* introduction to the topic
* brief overview of the dataset
* methodology

* summary



Introduction to the p>>n problem
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Example: rare disease data
* few patients

* genotyped at many locations

Patient
D

SNP 1 SNP 2 SNP 3 SNP 3e”6

0001 0/0 0/0 0/0 0/0 0/1

0002 1/0 0/0 0/0 1/0 0/0




Problems with p>>n

* statistical
* too low bias, too high variance (overfitting)

* loss of degrees of freedom (in context of hypothesis testing)

 mathematical

* for example, in OLS, matrix inversion is impossible
* interpretational

 computational



Common approaches
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Procedure outline
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https://datascience.stackexchange.com/questions/97963/visualise-kmeans-clusters-in-2d-when-number-of-input-features-is-greater-than-2-true-clustering-
labels_fig2_346052105



Procedure outline
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validate the procedure

https://stackabuse.com/introduction-to-neural-networks-with-scikit-learn/ 8



The dataset

Kaja, et al. "The Thousand Polish Genomes—a database of Polish variant allele
frequencies." International Journal of Molecular Sciences 23.9 (2022): 4532.

* 1222 individuals of Polish origin

* Variant Call Format (VCF) file

- 41836187 SNP (~ 42 million)

* WGS genotype data

* phenotype data: severe/not-severe COVID-19 illness



Data preparation

- y~X
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* big data problems
e ~42 million SNPs =2 ~7 million SNPs
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Multiple logistic regression models
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scheme

p>>n
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scheme p<n

SNP 1 SNP 2 | phenotype

0 1 0

p>>n 2 2 1

0 0 1

2 1 0
patient 1
patient 2
patient 3

patient n

13



scheme p<n
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p>>n
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scheme

p>>n
SNP 1 SNP 2 SNP p phenotype
patient 1 1 2 0
patient 2 2 1 1
patient 3 0 0 1
patient n 2 1 1 0
SNP 1 SNP 2 SNP 3 SNP p deviance
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2 0
1 1
0 1

scheme
SNP 1 SNP 2
patient 1
patient 2
patient 3
patient n 2 1
SNP 1 SNP 2 SNP 3 SNP p deviance

1.3

0.8

0.9

19




mixed effect model

n logistic regression models

SNP 1 SNP 2 SNP 3 SNP p deviance
-0.3 1.3 0 0.8 0.9
0 0 0 1.1 0.6
-1.2 0.7 1.1 0.4 0.7

mixed effects linear model

y=u+Za +¢,
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mixed effect model

n logistic regression models
SNP 1 SNP 2 SNP 3 SNP p deviance
-0.3 1.3 0 0.8 0.9
0 0 0 1.1 0.6
-1.2 0.7 1.1 0.4 0.7

|

mixed effects linear model

y=u+Za +¢

y =2 model deviance

Z > design matrix of SNP effects
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mixed effect model

n logistic regression models

|

SNP 1 SNP 2 SNP 3 SNP p deviance
-0.3 1.3 0 0.8 0.9
0 0 0 1.1 0.6
-1.2 0.7 1.1 0.4 0.7

mixed effects linear model

y=uU+Za + &

y =2 model deviance
Z > design matrix of SNP effects

Mix99 software (Fortran90)
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mixed effect model

y=u+Za + ¢
e SNP effect treated as random effect

SNP ID SNP effect

SNP 1 0.76 /

SNP 2 0.08

SNP p 0.02




1D clustering

SNP 1 0.76

SNP 2 0.08

SNP p 0.02




1D clustering

o errm mesmyes

SNP ID SNP effect L il il il

SNP 1 0.76

SNP 2 0.08 * 2 clusters (significant and non-significant
SNPs)

SNPp 0.02

https://chatgpt.com/ 25



1D clustering

Which cluster corresponds to the significant
SNPs?

O ommEmEEEmanme
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1D clustering

Which cluster corresponds to the important o commampameme -
SNPs?

0.2 0.4 0.6 0.8

* lower effect

 ‘decreases’the response variable
(deviance)

* alower deviance indicates a better

27
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1D clustering

e approach 1: Gaussian Mixture Model clustering

1e6 Histogram of cluster 0 (non-important SNPs), count: 6943938
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1D clustering
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1D clustering

* approach 2: K-Means clustering

Histogram of cluster 0 (non-important SNPs), count: 6947745
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1D clustering

* approach 2: K-Means clustering

1e6 Histogram of cluster O (non-important SNPs), count: 6947745

* non-important SNPs:

~6.9 million

o
[

important SNPs: 1327
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Histogram of cluster 1 (important SNPs), count: 1327
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p>>n,~7 million SNPs
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p>>n, 1327 SNPs
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p>>n, 1327 SNPs

\

Are these predictors actually good?
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b ’— analyze the dataset
l. [ ] I:
validation
&g

100 validate the procedure
e input: PCA of original feature space (15t 100 PCs)

p

* binary output

NN SVG (alexlenail.me) 35



https://alexlenail.me/NN-SVG/

J—~ analyze the dataset
[
8%«&9;

B

validation
100 vaudate;fpmem
e input: PCA of original feature space (15t 100 PCs)

* binary output

* 4 fully connected layers
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J— analyze the dataset

validation
100
input: PCA of original feature space (15t 100 PCs) é

binary output

4 fully connected layers

Sigmoid activation function after output layer

RelLU elsewhere
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100

validation

J— analyze the dataset

validate the procedure

input: PCA of original feature space (15t 100 PCs) é
binary output

4 fully connected layers

Sigmoid activation function after output layer

RelLU elsewhere

Adam

Binary Cross Entropy loss
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B p<n

analyze the dataset

validation

— 8 4 4 Lo
n - validate the procedure

n=281
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validation 2
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validation

* F1 score (validation set) = 0.25
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recap
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recap
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recap

pP=>>n

y~X

y~X

\

y~X

- Y~X

v
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recap

p<n

» analyze the dataset

Hidden
Input
OQutput

validate the procedure
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conclusions

* the p >> n setting is a common problem in data analysis
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conclusions

* the p >> n setting is a common problem in data analysis

* a modeling scheme to select a subset of most important

predictors was presented
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conclusions

* the p >> n setting is a common problem in data analysis
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* applicable to various fields beyond bioinformatics
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conclusions

* the p >> n setting is a common problem in data analysis

* a modeling scheme to select a subset of most important

predictors was presented
* applicable to various fields beyond bioinformatics

* validation of the procedure needs tuning
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