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Abstract

Introgression is a pervasive feature of human and non-human evolutionary
history, and methods that identify introgressed loci have become central to
studying its biological impact. We present ArchIE2, an enhanced and more
robust version of the reference-free local ancestry framework introduced by
ArchIE. ArchIE2 replaces ArchIE’s high-dimensional, sample-size–dependent
feature set with a compact collection of summary statistics that generalize
across demographic settings. This redesign removes dependency to sample
size while preserving predictive accuracy and improving model stability.
Across simulations, ArchIE2 matches or exceeds the performance of existing
approaches, demonstrating a flexible and scalable framework for detecting
introgressed segments, including in scenarios lacking reference genomes
from source populations.

Keywords: introgression; admixture; population genetics; machine learning;
human evolution

1. Introduction

Introgression—the long-term incorporation of genetic material from one
population (the source population) into another (the target population) following
admixture—has emerged as an important force in evolution across human [1]
and nonhuman species [2,3]. Studies of introgression have been facilitated by the
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increasing availability of genomic data from extant and ancient populations and
the development of analytical methods that attempt to detect various features of
introgressed haplotypes. Identifying introgressed DNA segments or loci across
individual genomes and studying their properties can provide valuable insights
into evolutionary history and biological function [4–6]. A number of methods, such
as S∗ [7], HMM [8], and CRF [9] have been developed to detect introgressed loci
across individual genomes (sometimes termed local ancestry inference). Detecting
introgressed loci is particularly difficult in ghost introgression, where the source
lineage is unsampled. Signals of ancestral structure [10] highlight the importance of
approaches that remain effective without explicit source information. Reference-free
frameworks address this challenge by enabling inference of introgression from
genomic patterns alone.

One approach for inferring ghost introgression uses population genetic statistics
that quantify patterns indicative of introgressed tracts. A particularly informative
signal is the presence of extended segments of private variants in the admixed
population that are absent in a closely related outgroup; this pattern underlies
S∗ [11] and its extensions [7,12,13]. A second class of approaches relies on a
generative probabilistic model, such as Hidden Markov Models (HMMs), to model
patterns of genetic variation depending on the unobserved state of whether or not
a given locus is introgressed [14,15]. A third class of approaches frames the task of
detecting introgressed loci as a discriminative machine learning problem where the
goal is to directly predict the introgression state based on genomic inputs [16,17].

ArchIE one such discrimative machine learning based method for detecting
introgressed segments ghost introgression settings [18]. ArchIE uses a logistic
regression model that takes input genomic features to predict the introgression
state within a window of an individual’s genome. Although it has shown strong
performance in simulations and empirical applications, its feature design poses
practical limitations: many of its input features are sample-size dependent, reducing
portability, and the high-dimensional, correlated feature space increases the risk
of overfitting and complicates model interpretation. To address these issues, we
introduce ArchIE2, which preserves the predictive performance of ArchIE while
improving its robustness. By condensing the original feature set into carefully
selected sample size-independent summary statistics, ArchIE2 enhances the stability
of the model while simplifying interpretation.

2. Materials and Methods

2.1. Method overview

ArchIE2 is a method to detect introgressed tracts along an individual genome that
can be applied in reference-free scenarios. ArchIE2 learns a direct mapping from
genomic features to ancestry states, and as such, it requires labeled examples
(genotypes of individuals annotated with segments of the genome annotated
according to their introgression or ancestry state) for effective training which are
generated using population genetic simulators.
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The basic training workflow for ArchIE2 is as follows: First, a simulation program
generates genotype data under a specified introgression scenario so that the
genomes of individuals in the target populations are labeled with their tracts of
introgression. Training ArchIE2 consists of two steps. The first step is feature
generation, which takes the target and outgroup genotypes (ideally an outgroup
that does not share the same introgression event) within each genomic window,
combines them with the ground-truth ancestry labels, and produces a feature file
for that window. The second step trains the ArchIE2 logistic regression model on
this features file. Once trained, the same two-step workflow—feature generation
followed by prediction—can be applied to estimate the probability of introgression
for each individual genotype within a window. In practice, the demographic history
underlying real data may differ from the simulation, but the model is assumed to be
robust enough to handle such mismatches and still produce accurate predictions.

2.2. Feature design and model architecture

The ArchIE2 logistic regression model operates on features extracted from sliding
50kb windows on each haploid chromosome and produces the probability that each
genotype within the window is introgressed (Figure 1). The length of 50kb is chosen
to be sensitive to archaic introgression events in modern human history (since this
is the expected length of introgressed tracts given an admixture time of around
2,000 generations before the present). To generate a SNP-based callset, we run
ArchIE2 using a sliding window step size of 10kb, then calculate for each SNP the
average probability of archaic ancestry across the five windows that span that SNP.

Figure 1. The ArchIE framework. Genetic data are processed into sliding windows, which
are then fed into a logistic regression model, the resulting window based predictions are
then averaged into SNP based predictions.

Eleven genomic features are used in ArchIE2, falling into two categories: those
that require an unadmixed outgroup—a population that does not share the same
introgression event as the target population—and those that do not. Among the
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outgroup-dependent features, ArchIE2 includes the minimum distance between
the focal haplotype and the reference population, the number of private SNPs—i.e.,
SNPs unique to the target population—and the S∗ statistic. Outgroup-independent
features include the first four moments of the distance vector and the first four
normalized moments of the individual frequency spectrum (IFS). The first four
moments of the distance vector summarizes the length-Ntarget vector representing
the Euclidean distance between the focal haplotype and each haplotype in the
target population. The normalized first four moments of the IFS summarizes
the length-Ntarget vector summarizing the allele frequency spectrum in the focal
haplotype (e.g., counts of singletons, doubletons, etc.) (Table 1).

Table 1. Comparison of ArchIE vs ArchIE2 feature set and lengths.

ArchIE ArchIE2

Individual frequency spectrum (IFS)
(101)

Normalized first four moments of the IFS
(4)

Distance vector (100)
First four moments of distance vector (4) First four moments of distance vector (4)
Min distance (1) Min distance (1)
Number of private SNPs (1) Number of private SNPs (1)
S* statistic (1) S* statistic (1)
Total: 208 features Total: 11 features

2.3. Training and validation

2.3.1. Simulation framework

To generate training data, coalescent simulations are performed using msprime [19],
which allows the specification of population histories via the Demes format, as well
as using a JSON file to specify the sample populations present in the simulation [20].
The script for running msprime simulates introgression from a source population
into the target population. It outputs a file detailing for every SNP and sample
whether or not it originated in the introgression source population, which we call
the SNP based ground truth. For more details, please refer to the github repository
(https://github.com/sriramlab/ArchIE2).

2.3.2. ArchIE2 simulation training

We train ArchIE2 on simulations from a specific introgression scenario. In this study,
we train the model on the history of Neanderthal introgression [9]. This is a simple
scenario that consists of the Neanderthals’ introgression into a European population
after the Europeans split off from Africans. For training data, 500 replicates of 10Mb
segments are generated, incorporating 50 simulated diploid European samples
and 50 African samples. To convert the data for ArchIE2 training, we use sliding
windows of length 50kb and step size 50kb, resulting in a cumulative count of 10
million 50kb windows. To obtain ground truth labels, a 50 kb window on a haploid
genome is marked archaic if more than 70% of its SNPs are of archaic origin and
non-archaic otherwise. The training simulation assumes constant mutation and
recombination rates, set by default to 1.25e-8 and 1e-8 per base pair, respectively.



Human Population Genetics and Genomics, 2026;6(1):0002 Page 5 of 9

2.3.3. Validation and benchmarking

To assess the accuracy of ArchIE2, as well as other methods, we use precision
recall curves (PR curves) based on SNP-based callsets. We use PR curves instead of
ROC curves due to the imbalanced nature of our dataset, where introgressed sites
are rarer than non-introgressed sites. To generate them, we simulate separate
testing data in exactly the same manner as in the previous section, with two
differences. First, only 100 instead of 500 replicates of 10Mb segments are
generated. Second, the sliding window step size is 10kb instead of 50kb for a
denser, overlapping coverage. For each scenario, such as different combinations
of mutation/recombination rates and different population histories, we generate
a separate testing data set. PR analysis was performed based on the SNP callsets
generated by the model on the simulated test dataset of interest, compared with
the SNP based ground truth.

3. Results

3.1. Performance on simulated data

We developed ArchIE2 as a successor to ArchIE to address two limitations: (i) a
dependence on sample-size dependent feature vectors, and (ii) the large number
of correlated features, which increased the risk of overfitting and led to unstable
coefficient estimates [18]. ArchIE2 addresses these issues by reducing the original
high-dimensional set to 11 sample-size independent summary statistics, including
the first four moments of the individual frequency spectrum (IFS) and the distance
vector, along with features such as minimum distance, the number of private SNPs,
and the S∗ statistic. The mean and variance of the IFS are further normalized to
account for sample-size effects (Table 1).

We compared ArchIE2 with ArchIE [18], the S∗ statistic [7], and the HMMmix [14],
using test data simulated under the same demographic history as the training
scenario (Figure 2). Condensing the features of ArchIE2 produced virtually no loss
in predictive accuracy compared to ArchIE, while yielding a more compact and
interpretable model. ArchIE2 also outperformed both S∗ and the HMMmix. These
results indicate that ArchIE2 preserves the predictive strengths of its predecessor
while mitigating instability and reducing feature complexity.

3.2. Effect of sample size mismatch

Here we explore the flexiblity of ArchIE2 over ArchIE with respect to applicability
across sample sizes. Here both ArchIE and ArchIE2 models were trained on the
base Neanderthal introgression scenario with 100 European haplotypes, but were
applied to a test set containing only 30 haplotypes. While ArchIE2 can handle this
natively, ArchIE needs to be adapted to this setting. We consider two approaches to
adapt ArchIE to this setting: 1) by padding the European genomes in the test set with
genomes from a related population, for example Asians, so that the total sample
size consists of 100 haplotypes or 2) duplicating genomes to reach the required
sample size. ArchIE2 is more accurate than either approach to adapt ArchIE2
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(Figure 3) illustrating the value of being able to naturally accommodate varying
sample sizes.

Figure 2. Precision-recall curves for various methods tested on data simulated with
µ=1.25e-8.

Figure 3. Precision-recall curves for ArchIE and ArchIE2 under mismatch in sample size
(100 haplotypes in the training data and 30 haplotypes in the test data).
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3.3. Model robustness to domain shift

Given the variation of mutation rates in the human genome, we investigated
whether ArchIE2 compares with other methods in response to shifts in mutation
and recombination rates. We use the model trained under µ = 1.25e-8, r = 1e-8,
and apply them to four scenarios: high vs. low mutation rate and high vs. low
recombination rate. In application to real data, we would most probably utilize
a single threshold when applying the models to the data. Therefore, we will also
report the precision / recall with fixed thresholds for ArchIE and ArchIE2 in Table 2.

Table 2. Precision/recall values across scenarios. One threshold was chosen for each
model corresponding to precision=0.8 in the base scenario, and we report its precision/recall
in other scenarios while keeping thresholds fixed.

Methods Baseline

ArchIE2 0.80/0.28
ArchIE 0.79/0.26
Methods Low mutation rate High mutation rate

ArchIE2 0.98/0.0015 0.50/0.59
ArchIE 0.96/0.0027 0.50/0.66
Methods Low recombination rate High recombination rate

ArchIE2 0.43/0.43 0.95/0.044
ArchIE 0.45/0.37 0.94/0.054

The effects of the change in mutation and recombination rates are consistent
between ArchIE and ArchIE2 in Table 2. Low mutation rates and high recombination
rates produce precision rates approaching one but very low recall, while high
mutation rates and low recombination rates have opposite, albeit less extreme
effects. The low recall under conditions of low mutation rates and high
recombination rates is likely due to the scarcity of SNPs and the excessively short
recombination segments produced.

4. Conclusion

In this study, we introduced ArchIE2, a scalable and interpretable model
for reference-free local archaic ancestry inference. By condensing ArchIE’s
high-dimensional, sample-size–dependent feature set into eleven summary
statistics, ArchIE2 retains predictive accuracy while improving stability and
interpretability. Our benchmarks show that ArchIE2 generally matches or exceeds
the performance of existing approaches, including ArchIE, the S∗ statistic, and
HMMmix. In particular, ArchIE2 addresses ArchIE’s practical limitation—most its
dependence on fixed sample sizes—by handling varying sample sizes natively,
eliminating the need to pad or duplicate samples and the associated loss of accuracy.

Despite these advantages, ArchIE2 has several limitations. Under scenarios with
low mutation and recombination rates, the model exhibits miscalibration, likely
due to sparse variant density within 50 kb windows; this suggests that window size
selection remains an important parameter, and future work could explore adaptive
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or variable window sizes to improve performance across genomic contexts. ArchIE2
also cannot yet accommodate unphased data, limiting its applicability for certain
species or datasets, and extending the framework to handle haploid or unphased
genomes would broaden its utility. In addition, evaluating ArchIE2 under ancestral
population structure and natural selection remains an important direction for future
study. More broadly, integrating additional genomic features and exploring more
flexible machine-learning architectures may further enhance the model’s accuracy
and adaptability.

Overall, ArchIE2 represents a meaningful step forward in reference-free ancestry
inference. Its compact design, robustness under varied conditions, and competitive
performance make it a valuable tool for uncovering archaic introgression and
advancing our understanding of human evolutionary history.
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