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Population genomic inference

(Metaphor suggested
by Richard Durbin)

all 4 populations simultaneously, so we dropped the African
population from the simulation upon MXL divergence (Figure 3B).

Table 2 records the maximum-likelihood parameter values
inferred for this model. Because this fit did not include African
data, we could not reliably infer demographic parameters
involving the African population. Thus, for this point estimate
we fixed the Africa-related parameters NA, NAF , NB, mAF{B,
mAF{EU , mAF{AS , TAF and TB to their maximum-likelihood
values from Table 1. Figure 3C compares the model and data
spectra. The residuals show little correlation, with the possible
exception that the model may underestimate the number of high-
frequency segregating alleles.

Parameter confidence intervals are reported in Table 2. To
account for our uncertainty in those parameters derived from the
Out of Africa fit, for each conventional bootstrap fit we used a set
of Africa-related parameters randomly chosen from the sets
yielded by our Out of Africa conventional bootstrap. For the
parametric bootstrap, we used the maximum-likelihood point
estimates. Again, we see that the conventional bootstrap
confidence intervals are comparable to, although slightly wider
than, the parametric bootstrap intervals. Several parameters in this
analysis have direct correspondence with our Out of Africa
analysis. Of particular note, the confidence intervals for the CEU-
CHB divergence time TEU{AS overlap.

In assessing goodness of fit, Figure 3D shows that this model
does indeed reproduce the observed pattern of LD decay. Unlike
in our Out of Africa analysis, however, here the LD decay was
used to choose the form of the model (although not its parameter
values), so this is not a completely independent assessment of fit.
Of our 100 parametric bootstrap fits, 13 yielded a worse likelihood
than the real fit (Figure 3E), for a p-value of <0.13. Applying
Pearson’s x2 test, we find that 23 of 100 bootstrap fits yield a
higher (worse) X 2 than the fit to the real data, for a p-value of
<0.23, similar to that of the likelihood analysis. Comparing
distributions of rare alleles, our model typically reproduces the

observed distribution well, although it may be somewhat
overestimating the proportion of alleles that are rare or absent
in the CHB population (Supplementary Table 7 in Text S1). In
sum, our model appears to be a reasonable explanation of this
data, somewhat better than in our Out of Africa analysis.

An essential feature of the Mexican-American individuals
considered here is that they are typically admixed from Native
American and European ancestors. The <50% average European
admixture proportion we inferred for the MXL population is
consistent with previous estimates for Los Angeles Latinos [51].
We have no direct data from the Native American populations
ancestral to MXL, but our model does account for their
divergence from East Asia. A model neglecting this divergence
(by setting TMX to zero) fit the data substantially worse and yields
an unrealistically high average European admixture proportion
into MXL of 68%.

Not only are Mexican-American individuals admixed, their
admixture proportions also vary, and this subtlety is not directly
accounted for in our analysis. To assess its effect on our results, we
first roughly estimated the ancestry proportion of each individual,
using essentially a maximum-likelihood version [18] of the
algorithm used in structure [52] (Text S1). (Methods based on
‘‘admixture LD’’, which identify breakpoints between regions of
Native American and European ancestry, may be more powerful
[53]. However, the strategy used by the EGP of sequencing widely
spaced genes will resolve few of these breakpoints, limiting the
applicability of these methods.) We then performed additional
parametric bootstrap analyses, using simulations with a distribu-
tion of individual ancestry chosen to mimic that seen in the data
and, to further test the method, with an extremely wide
distribution. These simulations showed that variation in individual
ancestry does not bias our parameter inferences (Supplementary
Figure 19 in Text S1). Remarkably, it does not even change our
statistical power. This is evidenced by the fact that these bootstrap
simulations yielded confidence intervals identical to our original

Figure 3. Settlement of the New World analysis. As in Figure 2, (A) is the data, (B) is a schematic of the model we fit, (C) compares the data and
model AFS, and (D) compares LD. (E) The fit of our model to the real data is not atypical of fits to simulated data. (F) The improvement in real data fit
upon including CHB-MXL migration (red line) is very typical of the improvement in fits to simulated data without CHB-MXL migration. Thus we have
no evidence for CHB-MXL migration after divergence.
doi:10.1371/journal.pgen.1000695.g003
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Figure 2. We offer a fast algorithm for sorting matrices by genetic similarity (sort_min_diff 283	
function:  284	
https://github.com/flag0010/pop_gen_cnn/blob/master/data_prep_tricks/genet.data.matrix.p285	
rep.tricks.py).  286	

 287	
Introgression detection 288	
To detect introgression, we simulated training and test examples with msmove 289	
(https://github.com/geneva/msmove) from the same demographic model that Schrider et al. 290	
(2018) used to train the FILET classifier for detecting introgression between Drosophila simulans 291	
and D. sechellia. In total we produced 237,500 coalescent simulations from 3 classes: 112,500 292	
without no migration between species (No Introgression), 112,500 with gene flow from D. 293	
simulans into D. sechellia (sim→sech), and 12,500 with gene flow from D. sechellia into D. simulans 294	
(sech→sim). We used fewer sech→sim examples because test runs on smaller training sets suggested 295	
that the network could detect this class fairly accurately, which allowed us to increase the 296	
sampling of the other two more challenging classes. The simulations were randomly assigned to 297	
training and validation sets so that the training set included 107,500 examples each from the No 298	
Introgression and sim→sech classes, and 7,500 examples from the sech→sim class. Both the 299	
validation set and the test set contained 2,500 of each class (i.e. 7,500 total).  300	
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Figure 2: Example population genetic alignments visualized as black-and-white images. An 

unsorted alignment matrix (left) and this same matrix sorted by genetic similarity among chromosomes 

(right) are shown. Each row represents one of twenty chromosomes in the sample and each column 

represents one of forty segregating sites. Derived and ancestral states are encoded as black and white, 

respectively.	
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Comparison with ABCtoolbox
Although ABC is not well suited for our scenario of interest and deep learning is a complemen-
tary method, we wanted to find a scenario where we could compare the performance of these
two methods. To this effect, we restricted the analysis to estimating (continuous) demographic
parameters only. We used the popular ABCtoolbox [54], using the same training and testing
datasets as for deep learning. For ABC, the training data represents the data simulated under
the prior distributions (uniform in our case), and each test dataset was compared with the
training data separately. We retained 5% of the training datasets, and used half of these retained
datasets for posterior density estimation. Overall, we used 75% of the datasets for training and
25% for testing.

We tested two scenarios, one with the full set of summary statistics (345 total), and the
other with a reduced set of summary statistics (100 total). For the reduced set of summary sta-
tistics, we chose statistics which seemed to be informative: the number of segregating sites,
Tajima’s D, the first 15 entries of site frequency spectrum, H1, and the distribution of distances

Fig 5. A Venn diagram of most informative statistics for each output variable (N1,N2,N3, and selection). For each variable, the top 25 statistics were
chosen using permutation testing. The Venn diagram captures statistics common to each subset of output variables, with notable less informative statistics
shown in the lower right. Close, mid, and far represent the genomic region where the statistic was calculated. The numbers after each colon refer to the
position of the statistic within its distribution or order. For the SFS statistics, it is number of minor alleles. For each region, there are 50 SFS statistics, 16 BET
statistics (distribution between segregating sites), 30 IBS statistics, and 16 LD statistics.

doi:10.1371/journal.pcbi.1004845.g005

Deep Learning for Population Genetic Inference

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004845 March 28, 2016 13 / 28
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Here we present mrpast (migration rate and population size across space and t ime), an95

ARG-based demographic likelihood method that can work with complex models containing96

continuous migrations and admixtures. In particular, our method leverages information from97

whole-genome genealogical trees while maintaining scalability, making it well suited for captur-98

ing subtle signals in present-day genomes and for analyzing datasets with limited samples per99

population. This flexibility enables the exploration of a wide range of species and demographic100

scenarios.101

2 Results102

2.1 Overview of Method103

Figure 1: An overview of mrpast workflow.

mrpast uses a likelihood formulation based on coalescence times extracted from ARGs. An104

ARG can be viewed as a sequence of marginal coalescent trees, each of which spans a region105

of the genome separated by recombination. The coalescence time Tcoal(i, j) between a pair of106

haploid samples i, j can be extracted from such coalescent trees. For computational tractability,107

we discretize continuous time ([0,1)) into t non-overlapping slices, and each coalescence time108

falls into a time slice. The probabilities of coalescence under a given model are obtained from a109

continuous-time Markov chain capturing the state of a pair of lineages (similar to the rate matrix110

formulations from [39] and [5]). There are S = D(D+1)
2 +1 states in the Markov chain: a lineage111

pair can occupy any pair of the D demes, plus an absorbing state representing coalescence.112

Under a given model, the t-by-D(D+1)
2 matrix P is defined such that P(k,�(↵,�)) is the probability113

mass that two lineages starting in state �(↵,�) (�(↵,�) 2 {1, ..., D(D+1)
2 } ) have coalesced in114

time slice k (k 2 {1, ..., t}). The matrix C is defined such that C(k,�(↵,�)) is the number of115

observed events that a pair of lineages that started in demes ↵, � have coalesced in time slice116

k. We factorize the likelihood across pairwise coalescence events, e↵ectively treating them as117

independent, and formulate the composite likelihood function118

cl(✓; y) =
nX

i=1

cl(✓; yi) =
tX

k=1

DX

↵=1

DX

�=↵

log(P(k,�(↵,�)))⇥C(k,�(↵,�))

Here, ✓ represents the set of unknown parameters, which in this case, include e↵ective119

population size, migration rate, growth rate, admixture proportion, and end-of-epoch time.120

y = (y1, . . . , yn) represents the observed coalescence events, where each yi is a single coalescence121

assumed to be independent and identically distributed (i.i.d.). We use trees sampled from the122

ARGs to generate the observed coalescence times, and then maximize the composite likelihood123

cl(✓; y) to solve for ✓ that best fit the data.124
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various population genetics scenarios
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admixture model. Data were provided as error-free VCF files, and participants submitted numerical parameter estimates that were scored by 
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Population genetic inference aims to reconstruct the recent 
evolutionary history of populations from genomic variation 
data. This field has seen explosive growth, driven by the in-
creasing availability of whole-genome sequencing data from 
diverse groups of humans and other species (Pool et al. 
2010). But population genetic inference is inherently challen-
ging. First, the stochasticity of the evolutionary process means 
that the same history can produce different genetic patterns. 

Second, different histories can produce similar patterns of gen-
etic variation, creating an identifiability problem (Myers et al. 
2008; Lapierre et al. 2017; Lawson et al. 2018; Rosen et al. 
2018). Third, real populations rarely conform to the simplified 
models typically used for inference, leading to potential biases 
when models are misspecified (Loog 2021; Momigliano et al. 
2021). Finally, computational constraints often necessitate 
approximations that may impact accuracy.
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GHIST 2025

• Five demographic history 
inference challenges, including 
two with background selection

• Four positive selection 
detection challenges, including 
two with background selection

• Error-free simulated data 
provided as VCF files

• For each challenge, multiple 
submissions allowed for testing, 
single submission for final data

Andy 
Kern

Silas 
Tittes

Nate 
Pope



GHIST 2025

• Competition ran from June 16 to Dec 1

• A few highlights:

• Stephen Rong won four challenges 
using Relate + gLike for demographic history 
inference and a composite of many statistics for 
sweep detection.

• Austin Daigle won two challenges using neural nets 
trained on a variety of summary statistics.

• Alexander Mackintosh won the growth with 
background selection history inference challenge 
using his new method based on a windowed SFS: 
Mackintosh et al. Mol Biol Evol (2026).



GHIST 2026

• Four demographic history 
inference challenges, including 
two with background selection

• Four positive selection 
detection challenges, including 
background selection and 
a soft sweep

• Four relatedness inference 
challenges, including founder 
effects and complex pedigrees

• Live today! Runs to Nov 20.
Mylène 
Gagnon

Simon 
Gravel

ped-sim py_ped_sim
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