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ABSTRACT PROBLEMATIC
, , L Genotypic data are generally visualized in a low dimensional representation thanks to
Paleogenomics studies genomes of individuals

) that searches for axes (PCs) along which projected observations show the highest variance.
who lived hundreds or thousands years ago, and

allows the reconstruction of complex demographic , , _ ,
In the absence of any structure, if samples are collected at different timepoints

events, such as past migrations or cultural , , , ,
in a constant size population, the first PC represents the samples on a
according to their age, and the next PCs exhibit wave patterns [1]. The same

phenomenon appears when PCA is applied on spatial data (i.e. samples collected

diffusions. However, most statistical tools used in
the field do not model the

of samples.

in different geographic locations), and this can
We present here several methods based on latent s€0srap )

2000 4000 6000 8000
variable models to analyze and visualize high Age (yearsb.p)

dimensional modern and paleogenomic data while , _ o , , S
While spatial drift is well studied and methods have been proposed to correct for it, temporal drift is still

\ ' / werstudied. Thus, we adapted three statistical methods to : /

. MODELS Il. COVARIANCE

Time effects are modeled through a custom

tFA (based on [2]): tLFMM (based on [3]),
G=UVT+g, &~ N(0, %) tRCA (based on [4]):
G=UV'+7W"+E

columns = /‘

corrected axes

Brownian:
cov(sample, samplej) = min(age, agej)

Corresponds to the data covariance computed on a raw

The models separate the and the hidden population structure, v dataset.

which is represented by latent variables in UV".

tLFMM is solved by ridge regularization penalizing W, and tRCA is solved by a

generalized eigenvalue problem. Exponential:

cov(sample, samplej) = exp[ -d(age, agej) /0]

Genotypic data matrix G: L genetic loci
= — A Corresponds to the data covariance matrix computed
6100 .. 2 on a mean-centered dataset.
1 0 0 2 --- 1
G=1|. . . . . N samples _ : : :
RN R D In the models, = is the custom temporal covariance matrix and Z contains the
002 0 1 --- 1] first g eigenvectors of the custom temporal covariance matrix.

lll. RESULTS IV. MISSING

BecaQA)TA)stmortem DNA degradation, ancient samples usually harbor lots

The models were tested on different . The best results
: : : : : : of compared to contemporary samples. The methods were tested
were obtained with tLFMM using the Brownian covariance matrix: P P y P
. _ for different percentages of missing values in the simulated ancient samples.
Sampling scheme: Standard PCA: Axes corrected for time: ) _
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Gy roed .. ! . . As the percentage increases, imputation does not retain the population
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PN structure. Thus, temporal drift and structure cannot be separated:
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: 20% of missing values in N R
In the absence of any structure, as expected, tLFMM Brownian corrects the the ancient samples, after & ©- - - "
pattern due to time in the standard PCA biplot: the result is a point cloud like imputation. 20 - . =
the PCA of only modern samples from a constant size population. LaifE: stEnekel e e i
A Right: tLFMM Brownian. o |
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e G 20 . "1 . /—CONCLUSION / FUTURE WORKS

Temporal drift impacts data visualization of time-separated samples. This can\

A -40 — e
&
- : 60 - g - be corrected with our three methods in simulated datasets.
0 — ) SN U B S B B | ‘ ' | e The models are very sensitive to hyper-parameters. They can be estimated by
present 20 0 10 20 30 40 50 -20 0 20 40 . . _ . :
PC 1 Factor 1 calculating the data reconstruction error by cross-validation, but other metrics

When admixture occured in the past, correction methods gather admixed
need to be found to test the methods and tune the hyper-parameters.

individuals and separate them from samples taken before admixture, instead

, , ® The proportion of missing data impacts data structure and visualization. Other
of forming three clusters like the standard PCA.

imputation algorithms need to be tested.

All 3 methods rely on hyper-parameters that must be chosen beforehand. &I\/Iodels must include both temporal and spatial autocorrelation. /
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