S3 Appendix: Details and additional results for experiments

A List of datasets

Dataset Reference Prediction tasks Dim Additional
(n x d) preprocessing
rmp [ classification: 95 x 351 none
- Crohn’s disease vs healthy
camp 2] classification: 270 x 622 none
- parasite infected vs
healthy
cirrhosis [3] classification: 130 x 444 aggregated to
- cirrhosis vs healthy species &
prev./abun.
filtering
cancer [4] classification: 490 x 335 none
- cancer vs non-cancer
impaired-diabetes  [5] classification: 101 x 3758  none
- impaired vs type 2 dia-
betes
nugent-category [6] classification: 342 x 305 none
- nugent score high vs low
gastro-oral [7] classification: 2070 x 1218  none
- gastrointestinal vs oral
healthy-cd 8] classification: 74 x 367 none
- healthy vs Crohn’s disease
kostic &) classification: 172 x 409 none
- healthy vs tumor
malawi-venezuela  [10] classification: 54 x 1544 none
- Malawi vs Venezuela
black-hispanic [] classification: 199 x 305 none
- black vs Hispanic
ss-paired [7] classification: 408 x 1218  none
- sub wvs supragingival
plaque
usa-malawi [10] classification: 150 x 1544  none
- US vs Malawi
st-paired [7] classification: 404 x 1218  none
- stool vs tongue dorsum
gevers_ileum [11] classification: 140 x 446 none
- Crohn’s disease vs healthy
yatsunenko_sex [10] classification: 129 x 1544  none
male vs female
normal-diabetes 5] classification: 96 x 3758 none
- normal vs type 2 diabetes
healthy-uc 8] classification: 59 x 367 none

- healthy vs Ulcerative coli-
tis



hmp_sex
qin2012
turnbaugh
gevers_rectum
qin2014
white-black
centralparksoil

uk

hiv

tara

ravel_ph
pcdai-rectum
pcdai-ileum
baby-age

nugent-score

classification:
- female vs male
classification:

- healthy vs type 2 diabetes

classification:
- lean vs obese
classification:

- Crohn’s disease vs health

classification:

- cirrhosis vs healthy
classification:

- white vs black
regression:

- ph level of soil
regression:

- BMI

regression:

- CD4+ cell counts
regression:

- ocean salinity
regression:

- vaginal pH
regression:

- PCDALI scores
regression:

- PCDAI scores
regression:

- infant age
regression:

- nugent score

180 x 1218

124 x 2526

142 x 232

160 x 446

130 x 2579

200 x 305

580 x 1498

882 x 327

152 x 282

136 x 2407

388 x 305

o1 x 446

67 x 446

49 x 1544

388 x 305

none
none

none

none

none

none

prev./abun.

filtering

UK subpopulation
& prev./abun.
filtering

none

prev./abun.

filtering

none

none

none

none

none

Table A. List of microbiome datasets used to benchmark KernelBiome. The cirrhosis dataset is
a processed version of qin2014. Whenever prevalence/abundance filtering (prev./abun. filtering)
is applied it means that only taxa that appear in 25% of the samples and with a median non-zero
count of 5. Datasets other than the following ones are taken from the MLRepo [I8] are taken
directly without further processing: uk, camp, centralparksoil, cirrosis, cancer, hiv, rmp, tara.

B Weighting matrix for weighted KernelBiome

The weight matrix WURFac for the cirrhosis dataset [3] and the centralparksoil dataset [14]

are presented as heatmaps in Fig Using our proposed weighted kernels (see Section 2 of

S7 Appendix) with the UniFrac-based weight matrix WUniFrac is different from incorporating

the UniFrac-distance via kernel convolution as proposed by [19].
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Fig A. Visualization of the phylum-weights and the two UniFrac-weights W4 = DMAD for
WE = DMPBD, based on the 50 pre-screened species (see S3 Appendix). Upper panel: cirrhosis
dataset. Lower panel: centralparksoil dataset.

C Detailed experiment results on public datasets

C.1 Prediction performance

Here we provide more details on the the prediction performance evaluation. Boxplots of pre-
diction scores for all 33 datasets as in Fig 3 in the main text are given in Fig[B] and PR curves
accompanying the boxplots can be found in Fig[C] We can see that KernelBiome achieves the
best results for most of the tasks. For classification tasks, KernelBiome performs competi-
tively both in terms of balanced accuracy and PR curves. (For SVM-RBF, KB-Aitchison and
KernelBiome, the PR curves are based on the estimated probabilities computed in the sklearn-
package. We observed a slight mismatch between these predicted probabilities and predicted
classes in some of the examples, which is due to a bug https://github.com/scikit-learn/
scikit-learn/issues/13211. We therefore recommend putting more emphasis on the ac-
curacy plots.) The frequency of kernels selected the most often by KernelBiome is given in

Table.


https://github.com/scikit-learn/scikit-learn/issues/13211
https://github.com/scikit-learn/scikit-learn/issues/13211

Dataset (short name) Kernel Frequency (%)
rmp aitchison 59.5
camp aitchison-rbf 44.5
cirrhosis aitchison-rbf 65.5
cancer aitchison 73.5
impaired-diabetes aitchison 54.0
nugent-category aitchison-rbf 63.0
gastro-oral aitchison 100.0
healthy-cd aitchison-rbf 46.0
kostic aitchison-rbf 55.5
malawi-venezuela aitchison 100.0
black-hispanic aitchison 55.5
ss-paired aitchison-rbf 78.5
usa-malawi aitchison 100.0
st-paired aitchison 100.0
gevers_ileum generalized-js 29.5
yatsunenko_sex aitchison-rbf 70.5
normal-diabetes aitchison-rbf 48.0
healthy-uc aitchison-rbf 48.5
hmp_sex aitchison-rbf 35.5
qin2012 aitchison 53.0
turnbaugh aitchison 56.5
gevers_rectum aitchison-rbf 53.5
qin2014 aitchison-rbf 81.5
white-black aitchison 50.0
centralparksoil generalized-js 45.0
uk aitchison-rbf 100.0
hiv aitchison-rbf 97.0
tara aitchison-rbf 93.0
ravel_ph heat-diffusion 61.0
pcdai-rectum rbf 67.0
pcdai-ileum rbf 40.0
baby-age aitchison 91.0
nugent-score aitchison-rbf 99.5

Table B. Kernels selected most frequently by KernelBiome for all 33 datasets.
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Fig B. Comparison of predictive performance on the 33 public datasets based on a 10-fold

train/test split.
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Fig C. PR curves for the 24 classification datasets. The solid curve is the average curve from the
20 random 10-fold CV, and the shaded area is the 95% confidence band.



C.2 Model analysis

Here we include the remaining model analysis results for the cirrhosis and centralparksoil
datasets. As in the main paper, we screened both data sets to only include the 50 taxa with
the highest absolute CFIs by KernelBiome with Aitchison kernel. Kernel PCA plots for the
cirrhosis dataset is given in Fig[D]and the CFI values for the centralparksoil dataset are given
in Fig[E]

Furthermore, we also provide the missing circle plots here. The extended version of Fig 5C
in the main text with long labels is given in Fig[F] Fig[G]is the circle plot for the cirrhosis
dataset based on the generlized-JS kernel. Fig [H] is the circle plot for the centralparksoil

dataset based on the Aitchison kernel.
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Fig D. Kernel PCA plot and contributions of the 50 taxa to component 1 and 2 sorted from the
most negative contribution to the most positive contribution (cirrohsis).
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