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INTRODUCTION

Natural or artificial selection have a lot of impact on a population genetic pool. When a beneficial mutation occurs in a group of individuals,
these carrying this new gene are more adapted than the others to their environment and so have a better chance to reproduce and spread this new
mutation. Given genetic samples, there exists a lot of method detecting the genome regions under selection. These methods use present data
samples. However, new genotyping techniques give genomic samples through time (From few decades to centuries). This new kind of data needs a new
methodology to exploit this information. There already exists few recent methods using time series data to detect selection mainly concerning ancient
DNA. The objective of my PhD is to design an algorithm detecting loci under selection given genomic time series. The purpose of this poster is to
show difterences between few theoretical models concerning selection detection and inference.

THEORETICAL FRAMEWORK |1} DETECTING SELECTION (ON SIMULATIONS)
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¢ Slngle NUCIeOtlde POlymorphlsm (SNP) Initial Allele Frequency === 0.1 == 0.5 Transition Model == Beta === Gaussian === Wright-Fisher
o X, : derived allele frequency at time ¢
Random mating : X¢11|X; ~ +B(N, (X)) e Statistical power increase as selection parameter is getting bigger
Genotype | A1A1 | A1Ag | ApAp e Starting from xg = 0.5, selection is harder to detect if sampling time
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Not numerically tractable when IV, is large 2

Comparative estimation accuracy in various scenarios
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Selection parameter : s

fitness function: f(x)

ALTERNATIVE MODELS : MOMENT FITTING
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Transition Model : === Beta =— Gaussian == Wright-Fisher
e Iit moments of this distribution with the moment approximation
e Compute likelihood of observations under the choosen model e The Maximum likelihood estimator (MLE) is consistent with WF
e Use Likelihood Ratio statistic (LR) to detect selection via the Like- e Approximations underestimate high selection parameter when sam-
lihood Ratio Test (LRT) pling time interval increase.

e The estimator becomes less accurate (higher variance than low se-
lection case) while selection increase

CALIBRATION UNDER NEUTRALITY
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