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Concetps [ Microbiome Data (16s rRNA , WholeMetaGenome) ]

Feature(Microbiome) x Sample Matrix

Feature/Sample Bacteria species 1 Bacteria species 2 s__Eubacterium_| s_ Gemmiger
ramulus variabilis_B
Sample 1 0.001 0.002 3.298 6.124
Sample 2 0.000 0.004 9.972 17.231
Sample 3 0.005 0.000 12.203 4.245

Feature Filtering : Cutoff ( <= 0.001 )

Relative Abundance ( Compositional Data ) :
- A relative ratio where the sum of the values of each sample is constant

High-dimensional Sparse Matrix :
- The number of features is much greater than the number of samples
and the value of most cells is very high at 0
Not define log(0) -> need Normalization ( ex. +1 Persudo counts )
Right-skewed Distribution :
- Some microorganisms account for a high abundance. (Dominant species)



5-Fold : Train — Valid — Test

16s rRNA Dataset
WholeMetaGenome Dataset
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What is AUC (Area Under the Curve)?

. Perfect

classifiel

AUC

True Positive Rate (Sensitivity)

False Positive Rate (1-Specificity)

ROC

The probability that a randomly selected
positive sample will receive a higher

prediction score than a randomly selected
negative sample.

All models in this paper evaluate models th
at classify each disease and health group us

ing binary classification and present the me
dian




INTRODUCTION

Why the Lasso model for method setup?

@ Prevalence Filter

@ Lasso Selection

@ Model Performance

[ Cutoff = 0.001 }—’[

[ Cutoff = 0.01 ]—’[

Lasso Regression
(Zy)

Lasso Regression
(Ly)

@ Taxa Remaining
10,000 taxa
retained
3,000 taxa
retained
500 taxa
retained

Model Metaphor
Ridge

Lasso

Random Forest Comprehensive scoring via repeated varied tests

Deduct a small amount from all feature scores

Set low-contribution feature scores to zero

Increasing Stringency —

-
-

50 features selected
AUC =0.72

-

30 features selected ]

AUC=0.81 %

>

Lasso Regression 15 features selected
(L) AUC=0.75 -
>

Algorithm

AUC
1.0 -
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0.84 0.72 0.75
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Best: cutoff = 0.01

L2: Shrinks coefficients toward zero (no elimination)

L1: Forces some coefficients to zero = removes variables

Hundreds of decision trees - majority vote



INTRODUCTION

What is RandomForest?

Forest | Urban | Bare Soil | Water

500 samples
200]120]80]100

310 samples 190 samples
160]40]10] 100 40]80|70]0

| 86 samples 104 samples
l\ 20|32]10]|2 16|60|10]0 24]|20]60|0
v v v
Urban Urban Bare Soil
I 141 samples i I 105 samples
I s5)8j0]es I I 10s10l0]0
v v
Water Forest
Model Metaphor Algorithm
Ridge Deduct a small amount from all feature scores L2: Shrinks coefficients toward zero (no elimination)
Lasso Set low-contribution feature scores to zero L1: Forces some coefficients to zero = removes variables

Random Forest Comprehensive scoring via repeated varied tests

Hundreds of decision trees - majority vote



INTRODUCTION

Rescaling / Normalization / Confounder

Rescaling vs Normalization — Z2 C0|E{, C}E 3t

@ Raw Counts @ Rescaling (Min-Max - 0~1) ® Normalization (CLR log tHz2l)

2 - +1.9

C ' C D C
Species Species Species
AAH|LO| Mz 2E A4S 0~1 MOIE 2= log #Het = RS 022
(A=1200, D=12) zel HlEg A= |X| 2 Ei(ZY)E HE

Confounder
Target Biological & clinical variables (age, sex, BMI, etc.)

Cause Biological/clinical variables influence the outcome variable

When to Apply At study design stage, before model training



Workflow [ Figure 2. ]
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Workflow [ Figure 2. ]

C
Data preprocessing Effective Data Preprocessing
- - o P L Filtered_Rescale_Normalized_Confounder:
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Filtered ( False / 0.001 )
Rescale ( False / Min-Max )

Normalized ( False / rank.std )
Confounder ( False / SIAMCAT)

Confounder did not have a positive effect on AUC in all cases.




Figure 3-a.b

Comparison of contributions for each stage
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Comparison of Batch Correction Methods
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R2 Score of Batch Correction Methods

Explaining variance after batch effect removal

(p < 0.0001)
limma MMUPHIn sva
0'5' * * kR ok s sk e ke
ne TRER 1 r EREE
0.4;
0.3; :
N ‘
hd ? ?
o ] A EERE
J e ¢
“1 1 tl | {1 - Best Option :
-’ T |3 T L‘ Sva (ComBat)
0.0
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N & @ ot PN o 00“6 Limma
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A high R? (close to 1.0) means the feature is heavily contaminated by batch

A low R? (close to 0) means batch explains very little of the expression variance,
indicating either a clean dataset or that batch correction has been successfully applied.




Comparison of Two representative machine learning models

Algorithm comparison

RandomForest Ridge RandomForest Ridge
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Figure 4-d

Comparison of All machine learning models

External AUC
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Result
e
i Batch Algrithm
Data Preprocessing correction selection
|
l Feature Data Data Confounders
' filtering rescaling normalization removal
| |
| cutoff=0.01 Not rescaled |
| > rank.std ———» Not removed —» sva ————p Ridge |
: cutoff=0 Rescaled :

cutoff=0.01 ———» Not rescaled ———p» pass ———p Notremoved ———p sva

—e RandomForest
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https://github.com/minoh0201/DeepMicro

1.

Hello,

In Machine learning algorithm comparison section, the paper shows that Ridge Regression (doesn't do feature selection) outperformed Lasso.
Does this show that the model relies on the rare or low abundance microbes which are usually filtered out as noise and it carries critical diagnostic
signatures that the model relies on? and what is the risk of overfitting when we execute this pipeline in actual unseen hospital cohorts?
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