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1 ML Nomenclature

In order to facilitate the understanding of the more ML-oriented terms in the text, we here
provide a short description of the main ML terms used in the manuscript.

• Model. A model is the mathematical relation between any input (in our case microbiome
ASVs) and the appropriate output (in our case the class of the sample/the phenotype).
In ML, the model usually contains a set of parameters called weights, and the model is
trained by finding the weights for which the model best matches the relation between the
input and output in the training set.

• Training set. The training set is the part of the data used to train the model. The quality
of the fit between the input and output data on the training set is not a good measure of
the quality of the model, since it may lead to overfitting.

• Overfitting. Overfitting is a problem occurring when a model produces good results on
data in the training set (usually due to too many parameters) but produces poor results
on unseen data.

• Validation Set. The validation set is a separate set from the training set that is used to
monitor the training process, but is not used for the actual training. This set can be used
to optimize some parts of the learning process, including setting the hyperparameters.

• Model Hyperparameters. Model hyperparameters are adjustable values that are not
considered part of the model itself in that they are not updated during training, but they
still have an impact on the training of the model and its performance. To ensure that these
are not fitted to maximize the test set performance, the hyperparameters are optimized
using an internal validation set.

• 10-Fold Cross-Validation 10-Fold Cross-Validation (referred to as 10 CVs) is a resam-
pling procedure used to evaluate machine learning models on a limited data sample. The
data is first partitioned into 10 equally (or nearly equally) sized segments or folds. Sub-
sequently, 10 iterations of training and validation are performed such that within each
iteration a different fold of the data is held out for validation while the remaining nine
folds are used for training.
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• Receiver Operating Characteristic Curve (ROC). The Receiver Operating Charac-
teristic (ROC) Curve is a graph showing the performance of a classification model at all
classification thresholds. This curve plots two parameters: True Positive Rate (TPR = the
probability that an actual positive will test positive) and False Positive Rate (FPR = the
probability that an actual negative will test positive).

• Area Under the ROC Curve (AUC) The Area Under the ROC Curve (AUC) is a
single scalar value that measures the overall performance of a binary classifier. The AUC
value is within the range [0.5–1.0], where the minimum value represents the performance
of a random classifier and the maximum value corresponds to a perfect classifier (e.g., with
a classification error rate equivalent to zero). It measures the area under the ROC curve
defined above.

• FFT (Fast Fourier Transform). FFT (Fast Fourier Transform) is a mathematical
algorithm that converts complex signals (like biological data) from their original form into
a set of simpler signals. Thus making it easier to analyze patterns and trends in biological
data.

• Low Pass Filter. A low pass filter is a filter that allows signals with a frequency lower
than a certain cutoff frequency to pass through and attenuates frequencies higher than the
cutoff frequency. It is commonly used to remove high-frequency noise from a signal.

• SAM (Spectral Angle Mapper) metric. SAM determines the spectral similarity
between given reference spectra and the spectra found at each pixel (in our case each tree-
based image pixel). The result of the comparison is reported as the angular difference (in
radians) between the two spectra.

• MSE (Mean Square Error) metric. MSE metric measures the average squared differ-
ence between two vectors or images, in our case between the two tree-based images.
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2 Supplementary Tables

Table 1: Acronym table
Acronym Meaning

ML Machine learning
DAA Differential Abundance Analysis
SOTA State-Of-The-Art
ASV Amplicon Sequence Variants
CLR Centered Log-Ratio
RCLR Robust Centered Log Ratio
GIMIC Smoothed Graph IMages of the MICrobiome
iMic iMage Microbiome
MSE Mean Squared Error
SAM Spectral Angle Mapper
GGMP Guangdong Gut Microbiome Project
FFT Fast Fourier Transform
AUC Area under the ROC Curve
SCC Spearman Correlation Coefficient
WGS Whole-genome sequencing
UMAP Uniform Manifold Approximation and Projection for Dimension Reduction
KNN K Nearest Neighbors
PCA Principal Component Analysis
CDI Clostridioides Difficile Infection
IBD Inflammatory Bowel Disease
IBS Inflammatory Bowel Syndrom
BMI Body Mass Index
NN Neural Network
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Table 2: Different metrics solutions to the challenges of the microbiome analysis
Problems solved by method.

Bray
Curtis

Simplicity - it is the simplest dissimilarity metric based
on the counts ratio only.

Jaccard
Simplicity- it is the simplest dissimilarity metric based
on the the presence vs absence of the taxa only.

Unweighted
Unifrac and
weighted
Unifrac

Inner relations - gives a different weight to different taxa
considering the phylogenetic structure.

PhyloRPCA

1. Inner relations - gives a different weight to different taxa
considering the phylogenetic structure.
2. Sparsity - utilizes an expectation-maximization algorithm that
iteratively imputes missing values based on the available
information and updates the loadings accordingly.
This allows for robust analysis even when there are missing
values in the data.
3. Scales - applies the RCLR normalization to the values.

Aitchison
1. Scales - applies the RCLR normalization to the values.
2. Compositionality -

2D-log(composition)
and

2D-SAM

1. Inner relations - gives a different weight to different taxa
considering the phylogenetic structure by the Cladogram of
means.
2. Sparsity - computes the Cladogram of means puts a non zero
value to taxon’s anscestors, since one of the taxon’s sisters is
likely to be non-zero.
3. Scales - applies log normalization to the values (Supp. Mat.
Fig. S17).
4. Smoothing - builds microbial images based on the Cladogram
of means (referred as ’image smoothing’).

GIMIC

1. Inner relations - gives a different weight to different taxa
considering the phylogenetic structure by the Cladogram of
means.
2. Sparsity - computes the Cladogram of means puts a non zero
value to taxon’s anscestors, since one of the taxon’s sisters is
likely to be non-zero
3. Scales - applies log normalization to the values (Supp. Mat.
Fig. S17).
4. Smoothing - * builds microbial images based on the Cladogram
of means (referred to as ‘image smoothing’).
applies FFT with cutoff on the processed images, such that the
high signals above the cutoff are removed from the image, (referred
as ‘FFT smoothing’).
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Table 3: Datasets details used during the analyses

Dataset name 16S-
WGS

Samples Condition Origin Reference

Allergy 16S 274 Milk Nut Peanut al-
lergy

Stool [1]

Cirrhosis 16S 130 Cirrhosis Stool [2]
Cirrhosis (WGS) WGS 232 Cirrhosis Stool [3]
GC (WGS) (ERAWI-
JANTARI)

WGS 96 Gastrectomy gastric
cancer

Stool [4]

IBD-4 (ERP020401) 16S 684 IBD Stool ERP020401 in the
NCBI

IBD-3 (ERP021216) 16S 86 IBD Stool [5]
GDM 16S 1607 GDM Stool [6]
IBD (WGS) (FRAN-
ZOSA)

WGS 220 IBD Stool [7]

GGMP 16S 7008 Many conditions Stool [8]
Breast feeding 16S 277 Breastfeeding vs for-

mula
Stool [9]

IBD-2 16S 257 IBD Stool [10]
IBD-5 (JACOB) 16S 90 IBD Stool [11]
CRC (KIM) 16S 240 CRC Stool [12]
MF 16S 190 Male vs. female Stool [2]
IBS (WGS) (MARS) WGS 444 IBS Stool [13]
Nugent 16S 342 Binary nugent score Vagina [14]
Obesity (WGS) WGS 253 Obesity Stool [3]
IBD-1 (OK94) 16S 132 CD vs. UC Stool [10]
CDI-1 (PRJNA353587) 16S 83 CDI Stool PRJNA353587 in the

NCBI
CDI-2 (PRJNA412501) 16S 71 CDI Stool PRJNA412501 in the

NCBI
CDI-3 (PRJNA419097) 16S 104 CDI Stool PRJNA419097 in the

NCBI
T2D (WGS) WGS 342 Diabetes-2 Stool [3]
ESRD (WANG) WGS 287 End-stage renal dis-

ease (ESRD)
Stool [15]

WB 16S 200 White vs. black Vagina [14]
CRC (WGS)
(YACHIDA)

WGS 347 CRC Stool [16]

GC-1 (PRJNA428883) 16S 746 Gastrectomy gastric
cancer

Stool PRJNA428883 in the
NCBI

GC-2 (PRJNA778008) 16S 451 Gastrectomy gastric
cancer

Stool PRJNA778008 in the
NCBI

GC-3 (PRJNA310127) 16S 291 Gastrectomy gastric
cancer

Stool PRJNA310127 in the
NCBI

GC-4 (PRJNA561290) 16S 380 Gastrectomy gastric
cancer

Stool PRJNA561290 in the
NCBI
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GC-5 (PRJNA481413) 16S 445 Gastrectomy gastric
cancer

Stool PRJNA481413 in the
NCBI

GC-6 (PRJNA532731) 16S 123 Gastrectomy gastric
cancer

Stool PRJNA532731 in the
NCBI

IBS-1 (PRJNA46339) 16S 354 Irritable bowel syn-
drome

Stool PRJNA46339 in the
NCBI

IBS-2 (PRJNA604466) 16S 52 Irritable bowel syn-
drome

Stool PRJNA604466 in the
NCBI

IBS-3 (PRJNA391149) 16S 205 Irritable bowel syn-
drome

Stool PRJNA391149 in the
NCBI

IBS-4 (PRJDB5442) 16S 39 Irritable bowel syn-
drome

Stool PRJDB5442 in the
NCBI

IBS-5 16S 42 Irritable bowel syn-
drome

Stool [17]

IBS-6 (PRJNA268708) 16S 289 Irritable bowel syn-
drome

Stool PRJNA268708 in the
NCBI

IBS-7 (PRJNA373876) 16S 51 Irritable bowel syn-
drome

Stool PRJNA373876 in the
NCBI

Autism-1 (PR-
JNA578223)

16S 96 Autism Stool PRJNA578223 in the
NCBI

Autism-2 (PR-
JEB42687)

16S 77 Autism Stool PRJEB42687 in the
NCBI

Autism-3 (PR-
JNA589343)

16S 127 Autism Stool PRJNA589343 in the
NCBI

Autism-4 (PR-
JNA529598)

16S 484 Autism Stool PRJNA529598 in the
NCBI

Depression-1 (PR-
JNA778934)

16S 127 Depression Stool PRJNA778934 in the
NCBI

Depression-2 (PR-
JNA776170)

16S 85 Depression Stool PRJNA776170 in the
NCBI

Depression-3 (PR-
JNA591924)

16S 90 Depression Stool PRJNA591924 in the
NCBI

Depression-4 (PR-
JNA724918)

16S 305 Depression Stool PRJNA724918 in the
NCBI

Depression-5 (PR-
JNA685916)

16S 106 Depression Stool PRJNA685916 in the
NCBI
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Table 4: Running times of different metrics in seconds on

Metric
Bray-
Curtis

Jac
card

Aitc
hison

Weighted
UniFrac

1D
log

(composition)

2D
log

(composition)

2D
SAM

GIMIC
MSE

GIMIC
SAM

Allergy 15.73 23.6 3.933 150.78 4.089 55.3 70.03 140.83 141.6
Cirrhosis 4.948 7.423 1.23 88.68 1.67 19.56 21.03 41.52 44.54
Cirrhosis-

pop
4.847 7.27 1.454 67.089 2.03 8.45 15.37 41.44 43.63

ERAWIJ
ANTARI

38.209 57.31 9.55 427.09 8.989 84.23 100.23 295.83 343.886

ERP0
20401

4.915 6.613 0.321 40 0.657 7.049 19.968 34.84 36.128

ERP02
1216

0.115 0.124 0.241 8 0.408 0.02 0.064 0.809 0.861

GDM 4.857 7.285 1.457 74.089 1.289 6.08 5.23 39.25 43.715
FRAN
ZOSA

149 223.5 24.833 1698.08 27.098 169.34 200.467 1148.936 1341.307

HE 3.131 4.697 1.256 42.089 2.035 6.04 15.73 23.54 28.184
IBD 0.904 1.207 0.173 50 0.567 6.07 8.05 17.08 20.227

JACOB 0.2 0.236 0.09 15 0.05 0.263 0.324 2.12 2.41
KIM 2.57 3.857 0.964 26.089 0.76 5.987 6.78 18.569 23.145
MF 5.75 8.637 2.044 76.08 2.05 7.068 18.698 46.69 51.825

MARS 251.55 377.33 37.73 2400 38.069 127.98 137.89 1762.678 2264.002
Nugent 4.735 7.103 3.089 58.09 4.089 8.05 10.89 37.53 42.623
Obesity 5.628 8.44 2.111 68.09 2.0798 17.08 22.08 44.59 50.656
OK94 1.453 2.18 1.308 16.897 2.098 5.089 6.789 11.06 13.08
PRJN

A353587
0.126 0.159 0.06 3.5 0.05 0.119 0.323 3.068 3.339

PRJN
A412501

0.03 0.04 0.03 2 0.03 0.019 0.05 0.06 0.1

PRJN
A419097

0.202 0.247 0.07 10 0.1 0.199 0.477 4.798 5.34

T2D 13.12 19.68 5.589 136.08 5.897 52.567 60.76 115.07 118.08
WANG 248.258 372.33 148.993 2513.07 151.98 197.789 234.8 1858.907 2234.329
WB 1.72 2.58 1.29 18.09 2.06 4.598 7.089 13.478 15.49

YACHIDA 742.77 1114.16 445.708 7089 443.07 389.06 400.89 6130.427 6685.628
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3 Supplementary Figures

Figure 1: Microbiome challenges A. Shared sisters within a certain genus, while a specific species
is unique. B. Different scales of microbiome taxa over different datasets. The x-axis represents
the frequency and the y-axis represents the number of taxa with this frequency.
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Figure 2: State-of-the-art common metrics citation distribution based on more than 20,000 ci-
tations from Google Scholar, such that the gold color represents the Aitchison distance, orange
represents the Bray-Curtis distance, light blue represents the 1D-structure distance, blue repre-
sents the weighted Unifrac, royal blue represents the PhyloRPCA.
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Figure 3: GIMIC meta-analysis over various cohorts from different phenotypes. This schematic
illustrates the GIMIC meta-analysis conducted over four distinct groups of phenotypes Depres-
sion (A), GC (B), IBD (C) and IBS (D). Each circle in the figure represents a significant
integrated cluster at various taxonomic levels. The color of the circles denotes the sum of dif-
ferences across the different cohorts, with red indicating negative differences and blue indicating
positive differences. The size of each circle corresponds to the number of cohorts in which the dif-
ference is consistently significant. There are phenotypes that are less related to the microbiome,
like depression, while others are more related, like IBD and GC.
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Figure 4: GIMIC creates the best KNN classification measured by the average AUC in 16S
cohorts as well as WGS cohorts. A - R. All average AUCs over 10 runs of different metrics of
the 16S datasets. The gold color represents the Aitchison distance, orange represents the Bray-
Curtis distance, light blue represents the 1D-structure distance, blue represents the weighted
Unifrac, royal blue represents the PhyloRPCA, light purple represents the 2D-log(composition)
distance, purple represents the 2D-SAM distance, pink represents the GIMIC SAM distance
and dark pink represents the GIMIC MSE distance. For similar results on more cohorts see
Supp. Mat. Fig. S5. S- Z. All average AUCs over 10 runs of different metrics of the WGS
datasets. The gold color represents the Aitchison distance, orange represents the Bray-Curtis
distance, light blue represents the 1D-structure distance, blue represents the weighted Unifrac,
royal blue represents the PhyloRPCA, light purple represents the 2D-log(composition) distance,
purple represents the 2D-SAM distance, pink represents the GIMIC SAM distance and dark pink
represents the GIMIC MSE distance. The black lines represent the std errors among the 10 test
runs. The grey line represents the average AUC of iMic which is the latest state-of-the-art in the
field of microbiome predictions. There is a pink frame where GIMIC is better than all the state-
of-the-art methods, and the stars represent the p − value of GIMIC vs. all the other methods,
such that *-p<0.05, **-p<0.01, ***-p<0.001. ZA - ZB. Cumulative histogram of average AUC
performance over all the 16S cohorts (ZA) and all the WGS cohorts (ZB).
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Figure 5: GIMIC creates the best KNN classification measured by the average AUC in 16S
cohorts. A - V. All average AUCs over 10 runs of different metrics of the 16S datasets. The gold
color represents the Aitchison distance, orange represents the Bray-Curtis distance, light blue
represents the 1D-structure distance, blue represents the weighted Unifrac, royal blue represents
the PhyloRPCA, light purple represents the 2D-log(composition) distance, purple represents
the 2D-SAM distance, pink represents the GIMIC SAM distance and dark pink represents the
GIMIC MSE distance. There is a pink frame where GIMIC is better than all the state-of-the-art
methods, and the stars represent the p − value of GIMIC vs. all the other methods, such that
*-p<0.05, **-p<0.01, ***-p<0.001.
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Figure 6: All average out/in distances over 10 runs of different metrics of the 16S datasets.
The gold color represents the Aitchison distance, orange represents the Bray-Curtis distance,
light blue represents the 1D-structure distance, blue represents the weighted Unifrac, light pur-
ple represents the 2D-log(composition) distance, purple represents the 2D-SAM distance, pink
represents the GIMIC SAM distance and dark pink represents the GIMIC MSE distance.

Figure 7: All average out/in distances over 10 runs of different metrics of the WGS datasets.
The gold color represents the Aitchison distance, orange represents the Bray-Curtis distance,
light blue represents the 1D-structure distance, blue represents the weighted Unifrac, light pur-
ple represents the 2D-log(composition) distance, purple represents the 2D-SAM distance, pink
represents the GIMIC SAM distance and dark pink represents the GIMIC MSE distance.
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Figure 8: All average Silhouette scores over 10 runs. The gold color represents the Aitchi-
son distance, orange represents the Bray-Curtis distance, light blue represents the 1D-structure
distance, blue represents the weighted Unifrac, light purple represents the 2D-log(composition)
distance, purple represents the 2D-SAM distance, pink represents the GIMIC SAM distance and
dark pink represents the GIMIC MSE distance. The black lines represent the std errors among
the 10 test runs.

Figure 9: All average Silhouette scores over 10 runs of different metrics of the WGS datasets.
The gold color represents the Aitchison distance, orange represents the Bray-Curtis distance,
light blue represents the 1D-structure distance, blue represents the weighted Unifrac, light pur-
ple represents the 2D-log(composition) distance, purple represents the 2D-SAM distance, pink
represents the GIMIC SAM distance and dark pink represents the GIMIC MSE distance. The
black lines represent the std errors among the 10 test runs.
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Figure 10: Different cutoffs affect the KNN performance over different tasks in the WGS cohorts
using the MSE metric on the FFT transformed images. The x-axis represents the different cutoffs
and the y-axis represents the average AUC over 10 runs on the test sets. The black line represents
the maximum cutoff for a certain task.
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Figure 11: Different cutoffs affect the KNN performance over different tasks in the 16S cohorts
using the MSE metric on the FFT transformed images. The x-axis represents the different cutoffs
and the y-axis represents the average AUC over 10 runs on the test sets. The black line represents
the maximum cutoff for a certain task.
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Figure 12: Different cutoffs affect the KNN performance over different tasks in the 16S cohorts
using the SAM metric on the FFT transformed images. The x-axis represents the different
cutoffs and the y-axis represents the average AUC over 10 runs on the test sets. The black line
represents the maximum cutoff for a certain task.
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Figure 13: Sister smoothing stability of different metrics. The x-axis represents the percent
of species names that were randomly removed and the y-axis represents the average AUC over
10 runs on the test set of a KNN classifier with the different metrics.The gold color represents
the Aitchison distance, orange represents the Bray-Curtis distance, light blue represents the
1D-structure distance, blue represents the weighted Unifrac, light purple represents the 2D-
log(composition) distance, purple represents the 2D-SAM distance, pink represents the GIMIC
SAM distance and dark pink represents the GIMIC MSE distance. The horizontal lines represent
the std errors among the 10 test runs.
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[A]

[B]

Figure 14: GIMIC based on a full microbiome vector (including species) is significantly better
than GIMIC based on information till the genus level. The x-axis represents the average test
AUC over 10 runs of a KNN classifier based on the GIMIC metric. The pink bars represent
the GIMIC based on the whole information, while the grey bars represent GIMIC based on
information till the genus level. The black lines represent the std errors.
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Figure 15: XGBOOST manages to predict the different metrics according to the differences in
biological factors, such as BMI, metabolites, and illness as was measured by R2 score (A) and
SCC (B). The gold color represents the Aitchison distance, orange represents the Bray-Curtis
distance, light blue represents the 1D-structure distance, blue represents the weighted Unifrac,
light purple represents the 2D-log(composition) distance, purple represents the 2D-SAM distance,
pink represents the GIMIC SAM distance and dark pink represents the GIMIC MSE distance.
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Figure 16: Depth sequencing effect on different metrics performance. The x-axis represents the
percent of reads that were randomly removed and the y-axis represents the average AUC over
10 runs on the test set of a KNN classifier with the different metrics. The gold color represents
the Aitchison distance, orange represents the Bray-Curtis distance, light blue represents the
1D-structure distance, blue represents the weighted Unifrac, light purple represents the 2D-
log(composition) distance, purple represents the 2D-SAM distance, pink represents the GIMIC
SAM distance and dark pink represents the GIMIC MSE distance. The horizontal lines represent
the std errors among the 10 test runs.
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[A]

[B]

Figure 17: GIMIC with log normalization is significantly better than GIMIC with relative nor-
malization. The x-axis represents the average test AUC over 10 runs of a KNN classifier based
on the GIMIC metric. The pink bars represent the GIMIC with the log normalization and the
grey bars represent the GIMIC with the relative normalization. The black lines represent the
std errors.
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