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Matrix rank decomposition & the rotation problem
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Figure 1: Spearman’s hypothesis

Rotation Problem — Non-unique decompositions

(Rabanser, Shchur, Ginnemann, 2017, https://arxiv.org/pdf/1711.10781.pdf)



Tensor Factorization
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Figure 6: A rank-1 mode-3 tensor

(Rabanser, Shchur, Glinnemann, 2017)



Tensor Factorization
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Tensor Factorization Application to biological data
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ADSIracl—Land surrace temperature (L>I) 15 widely used in
the field of time series remote sensing. However, due to the

influence of cloud cover, the large area of LST data observation
is missing, which seriously affects the later data analysis. In
the past research, various effective interpolation methods have
been developed, but they usually cannot effectively interpolate

applications. The National Aeronautics and Space Administra-
tion (NASA) provides global MODIS data with high spatial
and temporal resolution [6] and these data have been widely
used worldwide. However, when cloud pollution factors cause
low-quality or missing data on land satellites, which is a very
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Compositionality of Microbial Data

Figure 1 (Gloor, et al., 2017)
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Beta diversity measures taxa differences between communities
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Issues analyzing repeated microbial measure

* Modeling repeated measures
* Longitudinal data, multiple body sites etc

* Methods for Microbiome community analysis

* PCoA — Relationship between sample communities
* Cannot account for temporal/spatial data

e Supervised methods

* Accounts for repeated measure but difficulties clustering phenotypes by microbe
communities
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Study Aims

* Control for interindividual variation in biological data by combining
data using repeated measures

e Account for compositional nature of microbial communities using an
unsupervised dimension reduction method

* Generation of diversity and differential abundance analysis based on
this deconvolution
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Figure 1 (Martino et al., 2021)



Data Normalization & Tensor Formation via rclr

Egn (1) &(2) (Martino et al., 2021)



Tensor Factorization by alternating least squares minimization
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CTF Algorithm
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Figure 1 (Martino et al., 2021)
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CTF performance against other models

. CTF . Jaccard ‘ UniFrac . W-UniFrac

. Aitchison . Bray—Curtis

Sequencing depth
(sequences/sample) PERMANOVA KNN-classification
30 +
06 0.4
25 -
0.3
O - —
.~ N <3 S 04 o
BT 5 15 ° S 02
»n (@) E
= 10 2 02 <
. | F A .
gpess-—- —— - W o .
1 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6
30 0.4
o5 - 06
i % 56 " . 0.3
il SR g 04 s
) T 15 1 ) c 0.2
T & 10 S <
s | S 0.1
0 - 0 —_— . . 0 +\A = ———
1 2 3 4 5 6 1 2 3 4 5 6
30 ~ 0.4
0.6
25 o
o 4 - e U
8l § 2 S 04 S
S| ®§ 151 S x 02
< 10 S o
. <
< 02 01
5 .
e S S P | — — "
0 - 0 0
v 1 2 3 4 5 6 1 2 3 4 5 6
Samples per patient Samples per patient Samples per patient

Figure 2 (Martino et al., 2021)



CTF — IBD dataset benchmarking

a Compositional Biplot
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Figure S1 (Martino et al., 2021)
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CTF able to predict birth method based on infant microbiome
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CTF able to predict birth method based on infant microbiome
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Figure S3 (Martino et al., 2021)
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Limitations & Conclusions

Limitations

* Assumes low ranking underlying data (discrete not gradient groupings)
* Beta-diversity measure does not account for confounders

* Does not account for ordering of longitudinal data (eqn 4)

* Need more applications to various longitudinal datasets

Conclusions

* CTF — supervised method with full use of repeated measures

* Longitudinal
e Spatially repeated measures

e Accounts for intraindividual variability
* Provides accurate community identification
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I use my micropipet every day.
It keeps my workstation from wobbling.

Image credit - Himelblog



