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1 Abstract

2 Genotype imputation is a foundational tool for population genetics. Standard statistical imputation
3 approaches rely on the co-location of large whole-genome sequencing-based reference panels,
4 powerful computing environments, and potentially sensitive genetic study data. This results in

5 computational resource and privacy-risk barriers to access to cutting-edge imputation techniques.
6 Moreover, the accuracy of current statistical approaches is known to degrade in regions of low

7  and complex linkage disequilibrium.

8  Artificial neural network-based imputation approaches may overcome these limitations by

9 encoding complex genotype relationships in easily portable inference models. Here we
10 demonstrate an autoencoder-based approach for genotype imputation, using a large, commonly-
11 used reference panel, and spanning the entirety of human chromosome 22. Our autoencoder-
12 based genotype imputation strategy achieved superior imputation accuracy across the allele-
13  frequency spectrum and across genomes of diverse ancestry, while delivering at least 4-fold

14  faster inference run time relative to standard imputation tools.
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1 Introduction
2 The human genome is inherited in large blocks from parental genomes, generated through a
3 DNA-sequence-dependent shuffling process called recombination. The non-random nature of
4 recombination breakpoints producing these genomic blocks results in correlative genotype
5 relationships across genetic variants, known as linkage disequilibrium. Thus, genotypes for a
6  small subset (1% — 10%) of observed common genetic variants can be used to infer the genotype
7  status of unobserved but known genetic variation sites across the genome (on the order of ~1M
8 of >10M sites) (Li et al., 2009; Marchini and Howie, 2010). This process, called genotype
9 imputation, allows for the generation of nearly the full complement of known common genetic
10  variation at a fraction of the cost of direct genotyping or sequencing. Given the massive scale of
11 genotyping required for genome-wide association studies or implementation of genetically-
12 informed population health initiatives, genotype imputation is an essential approach in population

13 genetics.

14  Standard approaches to genotype imputation utilize Hidden Markov Models (HMM) (Browning et
15  al, 2018; Das et al., 2016a; Rubinacci et al., 2020) distributed alongside large WGS-based

16 reference panels (Browning and Browning, 2016). In general terms, these imputation algorithms
17  use genetic variants shared between to-be-imputed genomes and the reference panel and apply
18 Hidden Markov Models (HMM) to impute the missing genotypes per sample (Das et al., 2018).
19 Genotyped variants are the observed states of the HMM, whereas the to-be-imputed genetic

20 variants present in the reference panel are the hidden states. The HMM parameter function

21 depends on recombination rates, mutation rates, and/or genotype error rates that must be fit by
22 Markov Chain Monte Carlo Algorithm (MCMC) or an expectation-maximization algorithm. Thus,
23 HMM-based imputation is a computationally intensive process, requiring access to both high-

24 performance computing environments and large, privacy-sensitive, WGS reference panels

25 (Kowalski et al., 2019). Often, investigators outside of large consortia will resort to submitting

26  genotype data to imputation servers (Das et al., 2016a), resulting in privacy and scalability

27 concerns (Sarkar et al., 2021).
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1 Recently, artificial neural networks, especially autoencoders, have attracted attention in functional
2 genomics for their ability to fill-in missing data from genomic assays with significant dropout
3 events, like single-cell RNAseq and ChIP-seq (Arisdakessian et al., 2019; Koh et al., 2017; Lal et
4  al., 2021). Autoencoders are neural networks tasked with the problem of simply reconstructing
5 the original input data, with constraints applied to the network architecture or transformations
6  applied to the input data in order to achieve a desired goal like dimensionality reduction or
7 compression, and de-noising or de-masking (Abouzid et al., 2019; Liu et al., 2020; Voulodimos et
8 al, 2018), stochastic noise or masking is used to modify or remove data inputs, training the
9 autoencoder to reconstruct the original uncorrupted data from corrupted inputs (Tian et al., 2020).
10 These autoencoder characteristics are well-suited for genotype imputation and may address
11 some of the limitations of HMM-based imputation by eliminating the need for dissemination of
12 reference panels and allowing the capture of non-linear relationships in genomic regions with
13 complex linkage disequilibrium structures. Some attempts at genotype imputation using neural
14 networks have been previously reported, though for specific genomic contexts (Naito et al., 2021)
15  at genotype masking levels (5% — 20%) not applicable in typical real-world population genetics

16  scenarios (Chen and Shi, 2019; Islam et al., 2021; Kojima et al., 2020; Sun and Kardia, 2008).

17 Here we present a generalized approach to unphased human genotype imputation using sparse,

18 denoising autoencoders capable of highly accurate genotype imputation at genotype masking

19 levels (98+%) appropriate for array-based genotyping and low-pass sequencing-based population
20  genetics initiatives. We describe the initial training and implementation of autoencoders spanning

21 all of human chromosome 22, achieving equivalent to superior accuracy relative to modern HMM-
22 based methods, and dramatically improving computational efficiency at deployment without the

23 need to distribute reference panels.

24
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1 Materials and Methods

2 Overview

3 Sparse, de-noising autoencoders spanning all bi-allelic SNPs observed in the Haplotype
4 Reference Consortium were developed and optimized. Each bi-allelic SNP was encoded as two
5 binary input nodes, representing the presence or absence of each allele (Figure 1A, 1D). This
6  encoding allows for the straightforward extension to multi-allelic architectures and non-binary
7 allele presence probabilities. A data augmentation approach using modeled recombination events
8 and offspring formation coupled with random masking at an escalating rate drove our
9 autoencoder training strategy (Figure 1B). Because of the extreme skew of the allele frequency
10  distribution for rarely present alleles (Auton et al., 2015), a focal-loss-based approach was
11 essential to genotype imputation performance. The basic architecture of the template fully-
12 connected autoencoder before optimization to each genomic segment is depicted in Figure 1C.
13 Individual autoencoders were designed to span genomic segments with boundaries defined by
14  computationally identified recombination hotspots (Figure 1E). The starting point for model
15 hyperparameters were randomly selected from a grid of possible combinations and were further
16  tuned from a battery of features describing the complexity of the linkage-disequilibrium structure

17  of each genomic segment.
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19  Figure 1. Schematic overview of the autoencoder training workflow. A) Ground truth whole

20 genome sequencing data is encoded as binary values representing the presence (1) or absence
5
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1 (0) of the reference allele (blue) and alternative allele (red). B) Variant masking (setting both alleles
2 as absent, represented by 0) corrupts data inputs at a gradually increasing masking rate. Example
3 masked variants are outlined. C) Fully-connected autoencoders spanning segments defined as
4 shown in panel E, are then trained to reconstruct the original uncorrupted data from corrupted
5 inputs; D) the reconstructed outputs (imputed data) are compared to the ground truth states for loss
6 calculation and are decoded back to genotypes. E) Tiling of autoencoders across the genome is
7 achieved by E.1) calculating a n x n matrix of pairwise SNP correlations, thresholding them at 0.45
8 (selected values are shown in red background, excluded values in gray), E.2) quantifying the overall
9 local LD strength centered at each SNP by computing their local correlation box counts and splitting
10 the genome into approximately independent segments by identifying local minima (recombination

11 hotspots). The red arrow illustrates minima between strong LD regions.

12

13 Genotype Encoding

14  Genotypes for all bi-allelic SNPs were converted to binary values representing the presence (1)
15  or absence (0) of the reference allele A and alternative allele B, respectively, as shown in

16 Equation 1.

(if(Gi [4, A]): X = [1,0]]

lf(Gl = [A!B]) Xi = [1'1]

17 x; =1 if (G; = [B, A)]): x; = [1,1] (1)
if (G; = [B,B]): x; = [0,1]
if (G; = [null]): x; = [0,0]

18 Where x is a vector containing the two allele presence input nodes to the autoencoder and their
19 encoded allele presence values derived from the original genotype, G, of variant i. The output
20 nodes of the autoencoder, regardless of activation function, are similarly rescaled to 0 - 1. The
21 scaled outputs can also be regarded as probabilities and can be combined for the calculation of

22 alternative allele dosage and/or genotype probabilities. This representation maintains the
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1 interdependencies among classes, is extensible to other classes of genetic variation, and allows

2 for the use of probabilistic loss functions.

3 Training Data, Masking, and Data Augmentation

4 Training Data. Whole-genome sequence data from the Haplotype Reference Consortium (HRC)

5 was used for training and as the reference panel for comparison to HMM-based imputation

6 (McCarthy et al., 2016). The dataset consists of 27,165 samples and 39,235,157 biallelic SNPs

7 generated using whole-genome sequence data from 20 studies of predominantly European

8 ancestry (HRC Release 1.1): 83.92% European, 2.33% East Asian, 1.63% Native American,

9  2.17% South Asian, 2.96% African, and 6.99% admixed ancestry individuals. Genetic ancestry
10  was determined using continental population classification from the 1000 Genomes Phase3 v5
11 (1000G) reference panel and a 95% cutoff using Admixture software (Alexander et al., 2009).
12 Genotype imputation autoencoders were trained for all 510,442 unique SNPs observed in HRC

13 on human chromosome 22.

14 Validation and Testing Data. A balanced (50%:50% European and African genetic ancestry)

15 subset of 796 whole genome sequences from the Atherosclerosis Risk in Communities cohort
16 (ARIC) (Mou et al., 2018), was used for model validation and selection. The Wellderly (Erikson et
17  al, 2016), Human Genome Diversity Panel (HGDP) (Cann, 2002), and Multi-Ethnic Study of

18  Atherosclerosis (MESA) (Bild, 2002) cohorts were used for model testing. The Wellderly cohort
19 consisted of 961 whole genomes of predominantly European genetic ancestry. HGDP consisted
20  of 929 individuals across multiple ancestries: 11.84% European, 14.64% East Asian, 6.57%

21 Native American, 10.98% African, and 55.97% admixed. MESA consisted of 5,370 whole

22 genomes across multiple ancestries: 27.62% European, 11.25% East Asian, 4.99% Native

23 American, 5.53% African, and 50.61% admixed.

24  GRCh38 mapped cohorts (HGDP and MESA) were converted to hg19 using Picard v2.25
25 (“Picard toolkit,” 2019). All other datasets were originally mapped and called against hg19. Multi-

26  allelic SNPs, SNPS with >10% missingness, and SNPs not observed in HRC were removed with
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1 bcftools v1.10.2 (Danecek et al., 2021). Mock genotype array data was generated from these

2 WGS cohorts by restricting genotypes to those present on commonly used genotyping arrays

3 (Affymetrix 6.0, UKB Axiom, and Omni 1.5M). For chromosome 22, intersection with HRC and

4  this array-like masking respectively resulted in: 9,025, 10,615, and 14,453 out of 306,812 SNPs
5 observed in ARIC; 8,630, 10,325, and 12,969 out of 195,148 SNPs observed in the Wellderly;

6 10,176, 11,086, and 14,693 out of 341,819 SNPs observed in HGDP; 9,237, 10,428, and 13,677

7 out of 445,839 SNPs observed in MESA.

8 Data Augmentation. We employed two strategies for data augmentation — random variant

9 masking and simulating further recombination with offspring formation. During training, random
10 masking of input genotypes was performed at escalating rates, starting with a relatively low
11 masking rate (80% of variants) that is gradually incremented in subsequent training rounds until
12 up to only 5 variants remain unmasked per autoencoder. Masked variants are encoded as the
13 null case in Equation 1. During finetuning we used sim1000G (Dimitromanolakis et al., 2019) to
14  simulate of offspring formation using the default genetic map and HRC genomes as parents. A
15  total of 30,000 offspring genomes were generated and merged with the original HRC dataset, for

16 a total of 57,165 genomes.
17 Loss Function

18 In order to account for the overwhelming abundance of rare variants, the accuracy of allele
19 presence reconstruction was scored using an adapted version of focal loss (FL) [32], shown in

20 Equation 2.
21 FL = —a;(1 —p)Y [x;log(p,) + (1 — x,) log(1 — p,)] (2)

22 Where the classic cross entropy (shown as binary log loss in brackets) of the truth class (xt)
23 predicted probability (pr) is weighted by the class imbalance factor at and a modulating factor (1 -
24 py)Y. The modulating factor is the standard focal loss factor with hyperparameter, y, which

25 amplifies the focal loss effect by down-weighting the contributions of well-classified alleles to the
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1 overall loss (especially abundant reference alleles for rare variant sites). at is an additional

2 balancing hyperparameter set to the truth class frequency.

3 This base focal loss function is further penalized and regularized to encourage simple and sparse
4 models in terms of edge-weight and hidden layer activation complexity. These additional

5 penalties result in our final loss function as shown in Equation 3.
6 SFL=—a,(1—-p)Y[xlog(p,) + (1 — x;) log(1 — p)] + BS(pp) + M L1+ A;L2 (3)

7 Where L1 and L2 are the standard L1 and L2 norms of the autoencoder weight matrix, with their

8 contributions mediated by the hyperparameters A1 and Az. S is a sparsity penalty, with its

9 contribution mediated by the hyperparameter 3, which penalizes deviation from a target hidden
10 node activation set by the hyperparameter (p) vs the observed mean activation p over a training
11 batch j summed over total batches n, as shown in Equation 4:

12 Siipy = Zjerp *10g (£) + (L= p) * log (12) )

Jj
13 Genome Tiling

14  All model training tasks were distributed across a diversified set of NVIDIA graphical processing
15 units (GPUs) with different video memory limits: 5x Titan Vs (12GB), 8x A100s (40GB), 60x

16 V100s (32GB). Given computational complexity and GPU memory limitations, individual

17  autoencoders were designed to span approximately independent genomic segments with

18  boundaries defined by computationally identified recombination hotspots (Figure 1E). These

19  segments were defined using an adaptation of the LDetect algorithm [33]. First, we calculated a n
20 x n matrix of pairwise SNP correlations using all common genetic variation (=5% minor allele

21  frequency) from HRC. Correlation values were thresholded at 0.45. For each SNP, we calculated
22 a box count of all pairwise SNP correlations spanning 500 common SNPs upstream and

23 downstream of the index SNP. This moving box count quantifies the overall local LD strength

24 centered at each SNP. Local minima in this moving box count were used to split the genome into

25 approximately independent genomic segments of two types — large segments of high LD
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1 interlaced with short segments of weak LD corresponding to recombination hotspot regions.
2 Individual autoencoders were designed to span the entirety of a single high LD segment plus its
3 adjacent upstream and downstream weak LD regions. Thus, adjacent autoencoders overlap at
4 their weak LD ends. If an independent genomic segment exceeded the threshold number of
5 SNPs amenable to deep learning given GPU memory limitations, internal local minima within the
6 high LD regions were used to split the genomic segments further to a maximum of 6000 SNPs
7 per autoencoder. Any remaining genomic segments still exceeding 6000 SNPs were further split
8 into 6000 SNP segments with large overlaps of 2500 SNPs given the high degree of informative
9 LD split across these regions. This tiling process resulted in 256 genomic segments: 188

10 independent LD segments, 32 high LD segments resulting from internal local minima splits, and

11 36 segments further split due to GPU memory limitations.

12 Hyperparameter Initialization and Grid Search

13 We first used a random grid search approach to define initial hyperparameter combinations

14 producing generally accurate genotype imputation results. The hyperparameters and their

15 potential starting values are listed in Table 1. This coarse-grain grid search was performed on all
16  genomic segments of chromosome 22 (256 genomic segments), each tested with 100 randomly
17  selected hyperparameter combinations per genomic segment, with a batch size of 256 samples,
18 training for 500 epochs without any stop criteria, and validating on an independent dataset

19  (ARIC). To evaluate the performance of each hyperparameter combination, we calculated the

20  average coefficient of determination (r-squared) comparing the predicted and observed

21 alternative allele dosages per variant. Concordance and F1-score were also calculated to screen

22 for anomalies but were not ultimately used for model selection.
23

24
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Table1. Description and values of hyperparameters tested in grid search.

Hyperparameter description

Tested values (coarse-grid search)

A1 for L1 regularization

A2 for L2 regularization

Sparsity scaling factor ()

Target average hidden layer activation (p)
Activation function type

Learning rate

Amplifying factor for focal loss (y)
Optimizer type

Loss type

Number of hidden layers

Hidden layer size ratio

Learning rate decay ratio

[1e-3, 1e-4, 1e-5, 1e-6, 1e-1, 1e-2, 1e-7, 1e-8]

[1e-3, 1e-4, 1e-5, 1e-6, 1e-1, 1e-2, 1e-7, 1e-8]

[0, 0.001, 0.01, 0.05, 1, 5, 10]

[0.001, 0.004, 0.007, 0.01, 0.04, 0.07, 0.1, 0.4, 0.7, 1.0]
['sigmoid', 'tanh’, 'relu’, ‘softplus’]

[0.000001, 0.00001, 0.0001, 0.001, 0.01, 0.1, 1, 10, 100]
[0,0.5,1, 2,3, 5]

["Adam", "RMS Propagation”, "Gradient Descent"]
['Binary Cross Entropy", "Custom Focal Loss"]

[1,2, 4,6, 8]

[0.2,0.3,0.4,0.5,0.6,0.7,0.8, 0.9, 1]

[0.0,0.25, 0.5, 0.75, 0.95, 0.99, 0.999, 0.9999]

2 Table 1. A1: scaling factor for Least Absolute Shrinkage and Selection Operator (LASSO or L1)
3 regularization; A2: scaling factor for Ridge (L2) regularization; B: scaling factor for sparsity penalty
4  described in equation (4); p: target hidden layer activation described in equation (4); Activation
5  function type: defines how the output of a hidden neuron will be computed given a set of inputs;
6 Learning rate: step size at each learning iteration while moving toward the minimum of the loss
7 function; y: amplifying factor for focal loss described in equation (3); Optimizer type: algorithms
8 utilized to minimize the loss function and update the model weights in backpropagation [34]; Loss
9 type: algorithms utilized to calculate the model error (equation (2)); Number of hidden layers: how
10 many layers of artificial neurons to be implemented between input layer and output layer; Hidden
11 layer size ratio: scaling factor to resize the next hidden layer with reference to the size of its previous
12 layer; Learning rate decay ratio: scaling factor for updating the learning rate value on every 500

13 epochs.

11
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2 Hyperparameter Tuning

3 In order to avoid local optimal solutions and reduce the hyperparameter search space, we

4 developed an ensemble-based machine learning approach (Extreme Gradient Boosting -

5 XGBoost) to predict the expected performance (r-squared) of each hyperparameter combination

6 per genomic segment using the results of the coarse-grid search and predictive features

7 calculated for each genomic segment. These features include the number of variants, average

8 recombination rate and average pairwise Pearson correlation across all SNPs, proportion of rare

9 and common variants across multiple minor allele frequency (MAF) bins, number of principal
10 components necessary to explain at least 90% of variance, and the total variance explained by
11 the first 2 principal components. The observed accuracies of the coarse-grid search, numbering
12 25,600 training inputs, were used to predict the accuracy of 500,000 new hyperparameter
13 combinations selected from Table 1 without training. All categorical predictors (activation function
14 name, optimizer type, loss function type) were one-hot encoded. The model was implemented

15 using XGBoost package v1.4.1 in Python v3.8.3 with 10-fold cross-validation and default settings.

16 We then ranked all hyperparameter combinations by their predicted performance and selected
17  the top 10 candidates per genomic segment along with the single best initially tested

18  hyperparameter combination per genomic segments for further consideration. All other

19 hyperparameter combinations were discarded. Genomic segments with sub-optimal performance
20 relative to Minimac were subjected to tuning with simulated offspring formation. For tuning, the
21 maximum number of epochs was increased (35,000) with automatic stop criteria: if there is no

22 improvement in average loss value of the current masking/training cycle versus the previous one,
23 the training is interrupted, otherwise training continues until the maximum epoch limit is reached.
24 Each masking/training cycle consisted of 500 epochs. Final hyperparameter selection was based

25 on performance on the validation dataset (ARIC).

26 Performance Testing and Comparisons

12
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1 Performance was compared to Minimac4 (Das et al., 2016b), Beagle5 (Browning et al., 2018),

2 and Impute5 (Rubinacci et al., 2020) using default parameters. Population level reconstruction

3 accuracy is quantified by measuring r-squared across multiple strata of data: per genomic

4 segment, at whole chromosome level, and stratified across multiple minor allele frequency bins:

5 [0.001-0.005), [0.005-0.01), [0.01-0.05), [0.05-0.1), [0.1-0.2), [0.2-0.3), [0.3-0.4), [0.4-0.5). While

6 r-squared is our primary comparison metric, sample-level and population-level model

7  performance is also evaluated with concordance and the F1-score. Wilcoxon rank-sum testing

8  was used assess the significance of accuracy differences observed. Spearman correlations were

9 used to evaluate the relationships between genomic segment features and observed imputation
10 accuracy differences. Standard errors for per variant imputation accuracy r-squared is equal or
11 less than 0.001 where not specified. Performance is reported only for the independent test

12 datasets (Wellderly, MESA, and HGDP).

13 We used the MESA cohort for inference runtime comparisons. Runtime was determined using the
14  average and standard error of three imputation replicates. Two hardware configurations were

15 used for the tests: 1) a low-end environment: 16-core Intel Xeon CPU (E5-2640 v2 2.00GHz),

16  250GB RAM, and one GPU (NVIDIA GTX 1080); 2) a high-end environment: 24-Core AMD CPU
17 (EPYC 7352 2.3GHz), 250GB RAM, using one NVIDIA A100 GPU. We report computation time

18  only, input/output (I/O) reading/writing times are excluded as separately optimized functions.

19 Data availability

20  The data that support the findings of this study are available from dbGAP and European

21  Genome-phenome Archive (EGA), but restrictions apply to the availability of these data, which

22 were used under ethics approval for the current study, and so are not openly available to the

23 public. The computational pipeline for autoencoder training and validation is available at

24 https://github.com/TorkamaniLab/Imputation_Autoencoder/tree/master/autoencoder_tuning_pipeli
25 ne. The python script for calculating imputation accuracy is available at

26 https://github.com/TorkamaniLab/imputation_accuracy_calculator.

27
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1 Results

2 Untuned Performance and Model Optimization.

3 A preliminary comparison of the best performing autoencoder per genomic segment vs HMM-
4 based imputation was made after the initial grid (Minimac4: Figure 2, Beagle5 and Eagle5:
5 Supplemental Figures $1-S2). Untuned autoencoder performance was equivalent or inferior to
6 all tested HMM-based methods except when tested on the European ancestry-rich Wellderly
7  dataset when masked using the Affymetrix 6.0 and UKB Axiom marker sets, but not Omni 1.5M
8 markers. HMM-based imputation was consistently superior across the more ancestrally diverse
9 test datasets (MESA and HGDP) (two proportion test, p < 8.77x10). Overall, when performance
10  across genomic segments, test datasets, and test array marker sets was combined, the
11 autoencoders exhibited an average r-squared per variant of 0.352+0.008 in reconstruction of
12 WGS ground truth genotypes versus an average r-squared per variant of 0.374+0.007,
13 0.364+0.007, and 0.357+0.007 for HMM-based imputation methods (Minimac4, Beagle5, and
14  Imputeb, respectively) (Table 2). This difference was statistically significant only relative to

15 Minimac4 (Minimac4: Wilcoxon rank-sum test p=0.037, Beagle5 and Eagle5: p=0.66).

16 In order to understand the relationship between genomic segment features, hyperparameter

17  values, and imputation performance, we calculated predictive features (see Methods) for each
18 genomic segment and determined their Spearman correlation with the differences in r-squared
19  observed for the autoencoder vs Minimac4 (Supplemental Figure S3). We observed that the
20 autoencoder had superior performance when applied to the genomic segments with the most
21 complex LD structures: those with larger numbers of observed unique haplotypes, unique

22 diplotypes, and heterozygosity, as well as high average MAF, and low average pairwise Pearson
23 correlation across all SNPs (average LD) (Spearman correlation (p 2 0.22, p < 9.8x10°%4).

24  Similarly, we quantified genomic segment complexity by the proportion of variance explained by
25 the first two principal components as well as the number of principal components needed to

26  explain at least 90% of the variance of HRC genotypes from each genomic segment.
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1  Concordantly, superior autoencoder performance was associated with a low proportion explained
2 by the first two components and positively correlated with the number of components required to
3 explained 90% of variance (Spearman p 2 0.22, p < 8.3x10%4). These observations informed our
4  tuning strategy.
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6 Figure 2. HMM-based (y-axis) versus autoencoder-based (x-axis) imputation accuracy prior
7 to tuning. Minimac4 and untuned autoencoders were tested across three independent datasets -

8 MESA (top), Wellderly (middle), and HGDP (bottom) - and across three genotyping array
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1 platforms - Affymetrix 6.0 (left), UKB Axiom (middle), Omni1.5M (right). Each data point
2 represents the imputation accuracy (average r-squared per variant) for an individual genomic
3 segment relative to its WGS-based ground truth. The numerical values presented on the left side
4 and below the identity line (dashed line) indicate the number of genomic segments in which
5 Minimac4 outperformed the untuned autoencoder (left of identity line) and the number of genomic
6 segments in which the untuned autoencoder surpassed Minimac4 (below the identity line).
7 Statistical significance was assessed through two-proportion Z-test p-values.
8 Table 2. Performance comparisons between untuned autoencoder (AE) and HMM-based
9 imputation tools (Minimac4, Beagle5, and Impute5).
MESA Wellderly HGDP Affymetrix 6.0  UKB Axiom Omni 1.5M Combined
AE 0.303+0.008 0.470+0.009 0.285+0.006 0.339+0.008 0.356+0.007 0.362+0.008 0.352+0.008
(untuned)
Minimac4 0.337+0.007° 0.471+0.008 0.314+0.006" 0.352+0.008 0.370+0.006 0.400+0.007" 0.374+0.007"
Beagle5 0.336+0.007° 0.460+0.008 0.296+0.005 0.342+0.007 0.367+0.006 0.384+0.007° 0.364+0.007
Impute5  0.326x0.007° 0.458+0.008 0.289+0.006 0.336+0.008 0.354+0.006 0.383+0.008" 0.358+0.007
10 Table 2. Average r-squared per variant was extracted from each genomic segment of
11  chromosome 22. We applied Wilcoxon rank-sum tests to compare the HMM-based tools to the
12 reference untuned autoencoder (AE). * represents p-values < 0.05, ** indicates p-values < 0.001,
13 and *** indicates p-values < 0.0001.
14
15 We then used the genomic features significantly correlated with imputation performance to predict
16 the performance of and select the hyperparameter values to advance to fine-tuning. An ensemble
17 model inference approach was able to predict the genomic segment-specific performance of
18 hyperparameter combinations with high accuracy (Supplemental Figure S4, mean r-squared =
19  0.93510.002 of predicted vs observed autoencoders accuracies via 10-fold cross validation). The
20  top 10 best performing hyperparameter combinations were advanced to fine-tuning (Table 3).
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1  Autoencoder tuning with simulated offspring formation was then executed as described in
2 Methods.
3 Table 3. Top 10 best performing hyperparameter combinations that advanced to fine-tuning.
Learn Loss Hidden Size
M A2 B p Activation y  Optimizer . Decay
rate type layers ratio
0.1 0 0.01  0.01 tanh 1.00* 0 adam CE 4 1 0.95
0.1 0 1 0.5 sigmoid 1.00* 1 adam CE 2 0.9 0.95
0.1 0 5 0.5 sigmoid 1.00" 4 adam CE 2 0.5 0
0.1 0 1 0.005 relu 1.0*107 4 adam FL 6 1 0.25
0.1 0 5 0.01 relu 1.0*10° 5 adam FL 4 1 0.95
0.1 0 0.01 0.1 leakyrelu  1.0*10° 0 adam FL 8 0.9 0.95
0.1 0 1 0.01 tanh 1.0*10% 0 adam CE 6 1 0.95
0 1.010% 0.001 0.05 relu 1.0*10° 4 adam CE 8 0.6 0.95
0.1 0 0 0.01 relu 1.00" 5 adam FL 8 0.9 0
0.1 0 0.01  0.01 tanh 1.0*10°% 5 adam CE 2 1 0.95
4 Table 3. See Methods and Table 1 for a detailed description of the hyperparameters.
5
6 Tuned Performance.
7 After tuning, autoencoder performance surpassed HMM-based imputation performance across all
8 imputation methods, independent test datasets, and genotyping array marker sets. At a minimum,
9 autoencoders surpassed HMM-based imputation performance in >62% of chromosome 22
10  genomic segments (two proportion test p=1.02x10"'") (Minimac4: Figure 3, Beagle5 and Eagle5:
11 Supplemental Figures S$5-S6). Overall, the optimized autoencoders exhibited superior
12 performance with an average r-squared of 0.395+0.007 vs 0.374+0.007 for Minimac4 (Wilcoxon
13 rank sum test p=0.007), 0.364+0.007 for Beagle5 (Wilcoxon rank sum test p=1.53*10"#), and
14 0.358+0.007 for Impute5 (Wilcoxon rank sum test p=2.01*10?) (Table 4). This superiority was
15 robust to the marker sets tested, with the mean r-squared per genomic segment for autoencoders
16  being 0.373+0.008, 0.399+0.007, and 0.414+0.008 versus 0.352+0.008, 0.370+0.006, and
17 0.400£0.007 for Minimac4 using Affymetrix 6.0, UKB Axiom, and Omni 1.5M marker sets
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1 (Wilcoxon rank-sums test p-value=0.029, 1.99*10, and 0.087, respectively). Detailed

2 comparisons to Beagle5 and Eagle5 are presented in Supplemental Figures S$5-S6.
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4 Figure 3. HMM-based (y-axis) versus autoencoder-based (axis) imputation accuracy after
5 tuning. Minimac4 and tuned autoencoders were validated across three independent datasets -
6 MESA (top), Wellderly (middle), and HGDP (bottom) - and across three genotyping array
7 platforms - Affymetrix 6.0 (left), UKB Axiom (middle), Omni1.5M (right). Each data point

8 represents the imputation accuracy (average r-squared per variant) for an individual genomic
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1 segment relative to its WGS-based ground truth. The numerical values presented on the left side
2 and below the identity line (dashed line) indicate the number of genomic segments in which
3 Minimac4 outperformed the untuned autoencoder (left of identity line) and the number of genomic
4 segments in which the untuned autoencoder surpassed Minimac4 (below the identity line).
5 Statistical significance was assessed through two-proportion Z-test p-values.
6  Table 4. Performance comparisons between tuned autoencoder (AE) and HMM-based imputation
7  tools (Minimac4, Beagle5, and Imputed).
MESA Wellderly HGDP Affymetrix 6.0 UKB Axiom Omni 1.5M Combined
AE (tuned) 0.355+0.007  0.505+0.008 0.327+0.006 0.373+0.008 0.399+0.007 0.414+0.008 0.396+0.007
'(A:Jituned) 0.303+0.008™ 0.470+0.009° 0.285+0.006™ 0.339+0.008" 0.356+0.007"" 0.362+0.008™ 0.352+0.008™
Minimac4 0.337+0.007° 0.471£0.008™  0.314+0.006 0.352+0.008" 0.370+0.006”  0.400+0.007 0.374+0.007"
Beagleb 0.336+0.007" 0.460+0.008™ 0.296+0.005™ 0.342+0.007" 0.367+0.006™ 0.384+0.007" 0.364+0.007"
Impute5  0.326+0.007° 0.458+0.008™ 0.289+0.006™ 0.336+0.008" 0.354+0.006™ 0.383+0.008" 0.358+0.007""
8 Table 4. Average r-squared per variant was extracted from each genomic segment of
9 chromosome 22. We applied Wilcoxon rank-sum tests to compare the HMM-based tools to the
10 reference untuned autoencoder (AE). * represents p-values < 0.05, ** indicates p-values < 0.001,
11 and *** indicates p-values < 0.0001.
12
13 Tuning improved performance of the autoencoders across all genomic segments, generally
14 improving the superiority of autoencoders relative to HMM-based approaches in genomic
15 segments with complex haplotype structures while equalizing performance relative to HMM-
16 based approaches in genomic segments with more simple LD structures (as described in
17 Methods, by the number of unique haplotypes: Supplemental Figure S7, diplotypes:
18 Supplemental Figure S8, average pairwise LD: Supplemental Figure S9, proportion variance
19  explained: Supplemental Figure S10). Concordantly, genomic segments with higher
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1 recombination rates exhibited the largest degree of improvement with tuning (Supplemental

2 Figure S11). Use of the augmented reference panel did not improve HMM-based imputation,

3 having no influence on Minimac4 performance (original overall r-squared of 0.374+0.007 versus
4  0.36310.007 after augmentation, Wilcoxon rank-sum test p=0.0917), and significantly degrading
5 performance of Beagle5 and Impute5 (original r-squared of 0.364+0.007 and 0.358+0.007 versus
6  0.349+0.006 and 0.324+0.007 after augmentation, p=0.026 and p=1.26*10 respectively).

7 Summary statistics for these comparisons are available in Supplemental Table S1.

8 Overall Chromosome 22 Imputation Accuracy.

9  After merging the results from all genomic segments, the whole chromosome accuracy of
10 autoencoder-based imputation remained superior to all HMM-based imputation tools, across all
11 independent test datasets, and all genotyping array marker sets (Wilcoxon rank-sums test
12 p<5.55x10%7). The autoencoder's mean r-squared per variant ranged from 0.363 for HGDP to
13 0.605 for the Wellderly vs 0.340 to 0.557 for Minimac4, 0.326 to 0.549 for Beagle5, and 0.314 to
14 0.547 for Eagle5, respectively. Detailed comparisons are presented in in Table 5 and

15 Supplemental Table S2.

16 Further, when imputation accuracy is stratified by MAF bins, the autoencoders maintain

17  superiority across all MAF bins by nearly all test dataset and genotyping array marker sets

18 (Figure 4, and Supplemental Table S$3). Concordantly, autoencoder imputation accuracy is

19  similarly superior when measured with F1-scores (Supplemental Figure $12) and concordance
20  (Supplemental Figure S13), though these metrics are less sensitive at capturing differences in

21 rare variant imputation accuracy.
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Figure 4. HMM-based versus autoencoder-based imputation accuracy across MAF bins.
Autoencoder-based (red) and HMM-based (Minimac4 (blue), Beagle5 (green), and Impute5
(purple)) imputation accuracy was validated across three independent datasets - MESA (top),
Wellderly (middle), and HGDP (bottom) - and across three genotyping array platforms - Affymetrix
6.0 (left), UKB Axiom (middle), Omni1.5M (right). Each data point represents the imputation

accuracy (average r-squared per variant) relative to WGS-based ground truth across MAF bins.
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1 Error bars represent standard errors. We applied Wilcoxon rank-sum tests to compare the HMM-
2 based tools to the tuned autoencoder (AE). * represents p-values < 0.05, ** indicates p-values <
3 0.001, and *** indicates p-values < 0.0001, ns represents non-significant p-values.
4  Table 5. Whole chromosome level comparisons between autoencoder (AE) and HMM-based
5 imputation tools (Minimac4, Beagle5, and Imputeb).
MESA Wellderly HGDP
Affymetrix 6.0 UKB Axiom Omni 1.5M|Affymetrix 6.0 UKB Axiom Omni 1.5M|Affymetrix 6.0 UKB Axiom Omni 1.5M
gfned) 0.410 0.395 0.452 0.537 0.605 0.586 0.363 0.364 0.392
Minimac4  0.390™ 0.364™ 04367 | 0.500™ 0.557"" 0.551™ | 0.350™ 0.340™ 0.385™
Beagle5 0.383™ 0.379™ 04207 | 0.484™ 0.549™ 0.534™ | 0.326™ 0.328"  0.353™
Impute5 0.384™ 0.356™"  0.429™ | 0.485™ 0.547"" 0.539™ | 0.328™ 0.314™  0.359™
6 Table 5. Average r-squared per variant was extracted at whole chromosome level. We
7  applied Wilcoxon rank-sum tests to compare the HMM-based tools to the reference tuned
8 autoencoder (AE). * represents p-values < 0.05, ** indicates p-values < 0.001, and *** indicates p-
9 values < 0.0001. Standard errors that are equal or less than 0.001 are not shown.
10
11  Ancestry-Specific Chromosome 22 Imputation Accuracy.
12 Finally, we evaluated ancestry-specific imputation accuracy. As before, overall autoencoder-
13 based imputation maintains superiority across all continental populations present in MESA
14  (Figure 5, Wilcoxon rank-sums test p=5.39x10-'®). The autoencoders’ mean r-squared ranged
15  from 0.357 for African ancestry to 0.614 for East Asian ancestry vs 0.328 to 0.593 for Minimac4,
16 0.330 to 0.544 for Beagle5, and 0.324 to 0.586 for Impute5, respectively. Note, East Asian
17  ancestry exhibits a slightly higher overall imputation accuracy relative to European ancestry due
18 to improved rare variant imputation. Autoencoder superiority replicates when HGDP is split into
19 continental populations (Supplemental Figure S14).

22


https://doi.org/10.1101/2021.12.01.470739
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.01.470739; this version posted December 2, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

1 Further stratification of ancestry-specific imputation accuracy results by MAF continues to support
2 autoencoder superiority across all ancestries, MAF bins, and nearly all test datasets, and

3 genotyping array marker sets (Figure 5, Supplemental Figure $14). Minimum and maximum

4  accuracies across MAF by ancestry bins ranged between 0.177 to 0.937 for the autoencoder,

5 0.132 to 0.907 for Minimac4, 0.147 to 0.909 for Beagle5, and 0.115 to 0.903 for Impute5, with a

6 maximum standard error of +0.004.

7 Thus, autoencoder performance was superior across all variant allele frequencies and ancestries
8 with the primary source of superiority arising from hard to impute regions with complex LD

9 structures.

10 Inference Speed.

11 Inference runtimes for the autoencoder vs HMM-based methods were compared in a low-end and
12 high-end computational environment as described in Methods. In the low-end environment, the
13 autoencoder’s inference time is at least ~4X faster than all HMM-based inference times (summing
14  all inference times from all genomic segments of chromosome 22, the inference time for the

15 autoencoder was 2.4+1.1*10- seconds versus 1,754+3.2, 583.3+0.01, and 8.4+4.3*10"® seconds
16  for Minimac4, Beagle5, and Impute5, respectively (Figure 6A)). In the high-end environment, this
17  difference narrows to a ~3X advantage of the autoencoder vs HMM-based methods (2.1+8.0*10
18  versus 374.3+1.2, 414.3+0.01, and 6.1+2.1*10* seconds for Minimac4, Beagle5, and Impute5,

19  respectively (Figure 6B). These unoptimized results indicate that autoencoder-based imputation
20 can be executed rapidly, without a reference cohort, and without the need for a high-end server or
21 high-performance computing (HPC) infrastructure.
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Impute5 (purple)) imputation accuracy was validated across individuals of diverse ancestry from
MESA cohort (EUR: European (top); EAS: East Asian (2" row); AMR: Native American (3™ row);
AFR: African (bottom)) and multiple genotype array platforms (Affymetrix 6.0 (left), UKB Axiom
(middle), Omni1.5M (right)). Each data point represents the imputation accuracy (average r-
squared per variant) relative to WGS-based ground truth across MAF bins. Error bars represent
standard errors. We applied Wilcoxon rank-sum tests to compare the HMM-based tools to the tuned
autoencoder (AE). * represents p-values < 0.05, ** indicates p-values < 0.001, and *** indicates p-

values < 0.0001, ns represents non-significant p-values.
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Figure 6. HMM-based versus autoencoder-based inference runtimes. We plot the average time
and standard error of three imputation replicates. Two hardware configurations were used for the
tests: A) a low-end environment: 16-core Intel Xeon CPU (E5-2640 v2 2.00GHz), 250GB RAM, and
one GPU (NVIDIA GTX 1080); B) a high-end environment: 24-Core AMD CPU (EPYC 7352

2.3GHz), 250GB RAM, using one NVIDIA A100 GPU.
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1 Discussion

2 Artificial neural network-based data mining techniques are revolutionizing biomedical informatics

3 and analytics(Dias and Torkamani, 2019; Jumper et al., 2021). Here, we have demonstrated the

4 potential for these techniques to execute a fundamental analytical task in population genetics,

5 genotype imputation, producing superior results in a computational efficient and portable

6  framework. The trained autoencoders can be transferred easily, and execute their functions

7 rapidly, even in modest computing environments, obviating the need to transfer private genotype

8 data to external imputation servers or services. Furthermore, our fully trained autoencoders

9 robustly surpass the performance of all modern HMM-based imputation approaches across all
10 tested independent datasets, genotyping array marker sets, minor allele frequency spectra, and
11 diverse ancestry groups. This superiority was most apparent in genomic regions with low LD

12 and/or high complexity in their linkage disequilibrium structure.

13 Superior imputation accuracy is expected to improve GWAS power, enable more complete

14 coverage in meta-analyses, and improve causal variant identification through fine-mapping.

15 Moreover, superior imputation accuracy in low LD regions may enable the more accurate

16 interrogation of specific classes of genes under a greater degree of selective pressure and

17 involved in environmental sensing. For example, promoter regions of genes associated with

18 inflammatory immune responses, response to pathogens, environmental sensing, and

19 neurophysiological processes (including sensory perception genes) are often located in regions of
20 low LD (Dias and Torkamani, 2019; Frazer et al., 2007). These known disease-associated

21 biological processes that are critical to interrogate accurately in GWAS. Thus, the autoencoder-
22 based imputation approach both improves statistical power and biological coverage of individual

23 GWAS’ and downstream meta-analyses.

24 HMM-based imputation tools depend on large reference panels or datasets to impute a single
25 genome whereas pre-trained autoencoder models eliminate that dependency. However, further

26 development is required to actualize this approach in practice for broad adoption. Autoencoders
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1 must be pre-trained and validated across all segments of the human genome. Here we performed

2 training only for chromosome 22. Autoencoder training is computationally intensive, shifting the

3 computational burden to model trainers, and driving performance gains for end-users. As a result,

4 inference time scales only with the number of variants to be imputed, whereas HMM-based

5 inference time depends on both reference panel and the number of variants to be imputed. This

6  allows for autoencoder-based imputation to extend to millions of genomes but introduces some

7 challenges in the continuous re-training and fine-tuning of the pre-trained models as larger

8 reference panels are made available. In addition, our current encoding approach lacks phasing

9 information, which leads to substantial improvements in imputation accuracy. Future models will
10 need to address the need for phasing and continuous fine-tuning of models for application to

11 modern, ever-growing, genomic datasets.

12 Ideas and Speculation

13 After expanding this approach across the whole genome, our work will provide a more efficient
14 genotype imputation platform on whole genome scale and thus beneficial for genome association
15 studies and clinical applications in precision medicine. In addition to the speed, cost and accuracy
16 benefits, our proposed approach can potentially improve automation for downstream analyses.
17  The autoencoder naturally generates a hidden encoding with latent features representative of the
18  original data. This latent representation of the original data acts as an automatic feature

19 extraction and dimensionality reduction technique for downstream tasks such as genetic risk

20 prediction. Moreover, the autoencoder-based imputation approach only requires a reference

21 panel during training — only the neural network needs to be distributed for implementation. Thus,
22 the neural network is portable and avoids privacy issues associated with standard statistical

23 imputation. This privacy-preserving feature will allow developers to deploy real-time data-driven
24 algorithms on personal devices (edge computing). These new features will expand the clinical

25 applications of genomic imputation, as well as its role in preventive healthcare.
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Fig. S1. Beagle5 (y-axis) versus autoencoder-based (x-axis) imputation accuracy prior to
tuning. Beagle5 and untuned autoencoders were tested across three independent datasets -
MESA (top), Wellderly (middle), and HGDP (bottom) - and across three genotyping array
platforms - Affymetrix 6.0 (left), UKB Axiom (middle), Omni1.5M (right). Each data point
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1 represents the imputation accuracy (average r-squared per variant) for an individual genomic
2 segment relative to its WGS-based ground truth. The numerical values presented on the left side
3 and below the identity line (dashed line) indicate the number of genomic segments in which
4 Beagle5 outperformed the untuned autoencoder (left of identity line) and the number of genomic
5 segments in which the untuned autoencoder surpassed Beagle5 (below the identity line). Statistical

6  significance was assessed through two-proportion Z-test p-values.
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Fig. S2. Impute5 (y-axis) versus autoencoder-based (x-axis) imputation accuracy prior to tuning.

Impute5 and untuned autoencoders were tested across three independent datasets - MESA (top),

Wellderly (middle), and HGDP (bottom) - and across three genotyping array platforms - Affymetrix

6.0 (left), UKB Axiom (middle), Omni1.5M (right). Each data point represents the imputation

accuracy (average r-squared per variant) for an individual genomic segment relative to its WGS-

based ground truth. The numerical values presented on the left side and below the identity line
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1 (dashed line) indicate the number of genomic segments in which Impute5 outperformed the
2 untuned autoencoder (left of identity line) and the number of genomic segments in which the
3 untuned autoencoder surpassed Impute5 (below the identity line). Statistical significance was

4 assessed through two-proportion Z-test p-values.
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2 Fig. S3. Relationship between genomic segment features and autoencoder performance.
3 Spearman correlations (p) between genomic segment features and autoencoder performance
4  metrics are presented. An “X” denotes Spearman correlations that are not statistically significant
5 (p>0.05). The performance metrics include the mean validation accuracy of Minimac4 and
6  autoencoder (R2_AE_MINUS_MINIMAC), the autoencoder’s improvement in accuracy observed
7  after offspring formation (AE_IMPROVEMENT_SIM) and the autoencoder's improvement in
8 accuracy after fine tuning of hyperparameters (AE_IMPROVEMENT_TUNING). The genomic
9 features include the total number of variants per genomic segment in HRC (NVAR_HRC),

10  proportion of rare variants at MAF<0.5% threshold (RARE_VAR_PROP), proportion of common
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1 variants at MAF>0.5% threshold (COMMON_VAR_PROP), number of components needed to
2 explain at least 90% of variance after running Principal Component Analysis (NCOMP), proportion
3  of heterozygous genotypes (PROP_HET), proportion of unique haplotypes (PROP_UNIQUE_HAP)
4  and diplotypes (PROP_UNIQUE_DIP), sum of ratios of explained variance from first two
5 (EXP_RATIO_C1_C2) and three (EXP_RATIO_C1_C2 C3) components from Principal
6 Component Analysis, recombination per variant per variant (REC_PER_SITE), mean pairwise
7 correlation across all variants in each genomic segment (MEAN_LD), mean MAF (MEAN_MAF),
8 GC content of reference alleles (GC_CONT_REF), GC content of alternate alleles

9 (GC_CONT_ALT).
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1 Fig. S4. Projecting autoencoder performance from hyperparameters and genomic features.
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1 We developed an ensemble-based machine learning approach (Extreme Gradient Boosting -
2 XGBoost) to predict the expected performance (r-squared) of each hyperparameter combination
3 per genomic segment using the results of the coarse-grid search and predictive features calculated
4  for each genomic segment (see Methods). We plot the observed accuracy of trained autoencoders
5 versus the accuracy predicted by the XGBoost model after 10-fold cross-validation. Each subplot
6  shows one iteration of the 10-fold validation process and its respective Pearson correlation between

7  the predicted and observed accuracy values.
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Fig. S5. Beagle5 (y-axis) versus autoencoder-based (axis) imputation accuracy after tuning.

Beagle5 and tuned autoencoders were validated across three independent datasets - MESA (top),

Wellderly (middle), and HGDP (bottom) - and across three genotyping array platforms - Affymetrix

6.0 (left), UKB Axiom (middle), Omni1.5M (right). Each data point represents the imputation

accuracy (average r-squared per variant) for an individual genomic segment relative to its WGS-
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1 based ground truth. The numerical values presented on the left side and below the identity line
2 (dashed line) indicate the number of genomic segments in which Beagle5 outperformed the
3 untuned autoencoder (left of identity line) and the number of genomic segments in which the
4 untuned autoencoder surpassed Beagle5 (below the identity line). Statistical significance was

5 assessed through two-proportion Z-test p-values.
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Fig. S6. Impute5 (y-axis) versus autoencoder-based (axis) imputation accuracy after tuning.

Impute5 and tuned autoencoders were validated across three independent datasets - MESA (top),

Wellderly (middle), and HGDP (bottom) - and across three genotyping array platforms - Affymetrix

6.0 (left), UKB Axiom (middle), Omni1.5M (right). Each data point represents the imputation

accuracy (average r-squared per variant) for an individual genomic segment relative to its WGS-
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1 based ground truth. The numerical values presented on the left side and below the identity line
2 (dashed line) indicate the number of genomic segments in which Impute5 outperformed the
3 untuned autoencoder (left of identity line) and the number of genomic segments in which the
4 untuned autoencoder surpassed Impute5 (below the identity line). Statistical significance was

5 assessed through two-proportion Z-test p-values.
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2 Fig. S7. Imputation accuracy as a function of unique haplotype abundance. Minimac4 and
3 tuned and untuned autoencoders (AE) were tested across three independent datasets - MESA
4  (top), Wellderly (middle), and HGDP (bottom) - and across three genotyping array platforms -

5  Affymetrix 6.0 (left), UKB Axiom (middle), Omni1.5M (right). “Many” vs “Few” haplotypes are
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1  defined by splitting genomic segments into those with greater than vs less than the median number
2 of unique haplotypes per genomic segment. We applied Wilcoxon rank-sum tests to compare the
3 untuned and tuned autoencoder to Minimac4. The validation datasets consist of: A) MESA
4  Affymetrix 6.0; B) MESA UKB Axiom; C) MESA Omni 1.5M; D) Wellderly Affymetrix 6.0; E)
5 Wellderly UKB Axiom; F) Wellderly Omni 1.5M; G) HGDP Affymetrix 6.0; H) HGDP UKB Axiom; I)

6 HGDP Omni 1.5M.
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2 Fig. S8. Imputation accuracy as a function of unique diplotype abundance. Minimac4 and
3 tuned and untuned autoencoders (AE) were tested across three independent datasets - MESA
4  (top), Wellderly (middle), and HGDP (bottom) - and across three genotyping array platforms -

5 Affymetrix 6.0 (left), UKB Axiom (middle), Omni1.5M (right). “Many” vs “Few” diplotypes are
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1  defined by splitting genomic segments into those with greater than vs less than the median number
2 of unique diplotypes per genomic segment.. We applied Wilcoxon rank-sum tests to compare the
3 untuned and tuned autoencoder to Minimac4. The validation datasets consist of: A) MESA
4  Affymetrix 6.0; B) MESA UKB Axiom; C) MESA Omni 1.5M; D) Wellderly Affymetrix 6.0; E)
5 Wellderly UKB Axiom; F) Wellderly Omni 1.5M; G) HGDP Affymetrix 6.0; H) HGDP UKB Axiom; I)

6 HGDP Omni 1.5M.

53


https://doi.org/10.1101/2021.12.01.470739
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.01.470739; this version posted December 2, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

>

low LD high LD low LD high LD low LD high LD
0.45 0.039 013 0.0083 0.0041 2e-05 ‘
0.027 045 0.00083 012 2084 284
S 0.6 0.6 0.6
IS
o
8
T 0.4 H 0.4 0.4 H
o
(5]
E B
3
g 024 021 021
o ] ° '
LI (|
0.01 ° 0.01 0.01
(@b 0"’& ) & (\e’& (\e’&. & (@b\ & ) & (\e’& (\e’&. & (@b\ ¢°® ) & (\e’& (\e’&, &
S N & N S & S N & N S & S N & N S &
@«\\ Q,‘\\ §\<\ @e‘ (OG & @«\\ ((/E §\<\ @Q\ Q/\\ & @Q\ ((/E §\<\ @Q\ Q/\\ &
© v S w ¥ w ¥ w ¥ w ¥
D low LD high LD low LD high LD low LD high LD
0.23 0.78 0.95 X 0.23 .
0.29 0.9 4.9e-oé ' 0.042 ‘ 0.0019 0.23
= 0757 0.0021 _0.16 0.751 A 0.751 L —
£
g
5 0.50 0.50 0.50 B
Q
o
o
3
Igozs- 0.254 : ! 0.254 d '
o s . ] M
' ! i : ¢ H . ] .
. hd b . .
0001 ¢ & o 0.001 0.001
(@6\ er\ q,"b‘ er\ (@6\ q,c’b‘ (@6\ Q@& q,"b‘ er\ (@6\ q,c’b‘ (@6\ Q@& q,"b‘ er\ (@6\ q,c’b‘
g & & & g & & &S g & & &S
S Q/\ Q\Q & ((/\ @\Q S Q/\ Q\Q & ((/\ @\Q S Q/\ Q\Q & ((/\ @\Q
& ¥ ¥ & ¥ ¥ <& ¥ < ¥
¥ ¥ ¥
G low LD high LD low LD high LD low LD high LD
0.26 0.029 0.21 0.025 0.0043 0.00029
‘ 0.24 0.98
= 061 0.12 0.57 0.6 0.0017 0.15 0.6 024 098
(%)
1S
(=)}
&
g 0.41 H 0.4 1 0.4-
el
5
S H H
S 021 0.21 0.21 :
!
o .
{ . t 1
0.0 0.0 0.0 ¢
N R S g DS N R
S & ¢ & S ¢ & S & ¢ &
S W NSO S ¥ o ¥ ¢S ¥ o ¥
v ¥ v
2 Fig. S9. Imputation accuracy as a function of linkage disequilibrium (LD). Minimac4 and tuned
3 and untuned autoencoders (AE) were tested across three independent datasets - MESA (top),
4  Wellderly (middle), and HGDP (bottom) - and across three genotyping array platforms - Affymetrix
5 6.0 (left), UKB Axiom (middle), Omni1.5M (right). “High” vs “Low” LD is defined by splitting
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1 genomic segments into those with greater than vs less than the average pairwise LD strength per
2 genomic segment. We applied Wilcoxon rank-sum tests to compare the untuned and tuned
3 autoencoder to Minimac4. The validation datasets consist of: A) MESA Affymetrix 6.0; B) MESA
4 UKB Axiom; C) MESA Omni 1.5M; D) Wellderly Affymetrix 6.0; E) Wellderly UKB Axiom; F)

5  Wellderly Omni 1.5M; G) HGDP Affymetrix 6.0; H) HGDP UKB Axiom; 1) HGDP Omni 1.5M.
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2 Fig. $10. Imputation accuracy as a function of data complexity. Minimac4 and tuned and

3 untuned autoencoders (AE) were tested across three independent datasets - MESA (top),

4  Wellderly (middle), and HGDP (bottom) - and across three genotyping array platforms - Affymetrix

5 6.0 (left), UKB Axiom (middle), Omni1.5M (right). “High” vs “Low” data complexity is defined by
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1  splitting genomic segments into those with greater than vs less than the median proportion of
2 variance explained by first two components of Principal Component Analysis per genomic segment
3 (PCA C1+C2). We applied Wilcoxon rank-sum tests to compare the untuned and tuned
4  autoencoder to Minimac4. The validation datasets consist of: A) MESA Affymetrix 6.0; B) MESA
5 UKB Axiom; C) MESA Omni 1.5M; D) Wellderly Affymetrix 6.0; E) Wellderly UKB Axiom; F)

6  Wellderly Omni 1.5M; G) HGDP Affymetrix 6.0; H) HGDP UKB Axiom; I) HGDP Omni 1.5M.

57


https://doi.org/10.1101/2021.12.01.470739
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.01.470739; this version posted December 2, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

A low recombination high recombination low recombination high recombination low recombination high recombination
0.03 0.25 0.61 0.091
0.25 0.88 ) ‘ ) ‘
0007 0087 2.3e-07 0.04 0.00025 0.17
= 0.75+ 0001 ,0.087 0.75+ 0.75+ [ — —
IS
(o]
5 0.50 0.50 0.50
Q
8 H R |
g ° L] (]
g0.251 H . . 0.251 0.251
@
0.00 1 0.00 1 0ooof * °* °
N & S B > S B O S B > S I S XD >
RS G RS & @ & & & & @ & & &
@«\\ Q,‘\\ §\<\ @e‘ (OG & @«\\ ((/E §\<\ @Q\ NS @Q\ ((/E §\<\ @Q\ NS
2 ¥ W v ¥ W v ¥
D low recombination high recombination low recombination high recombination low recombination high recombination
0.12 0.027 0.26 0.0026 0.0019 3.1e=05
i i 0.0066 0.061 i 0.42 0.67
£ 0.6 f)i‘ 028 0.6 2008 0.061 0.6 —= —
E L]
o0
&
5 0.4 0.4+ 0.4+
Q
o
-
3
g 0.2 0.2 0.2 .
x N [ B
0.0 0.0 004 * °* °
N N X N N > N N X N N > N N X N N 1
\»‘\@6 o‘@b ~<<"Z’Q o&b o‘\@b ~&°'Z’0 \»‘@6 o‘@b ~\<"Z’Q o&b o‘\@b ~&°Q’0 \»‘@6 o‘@b ~\<"Z’Q o&b o‘\@b »@Q’O
& § & & & IR RO IS
& ¥ ¥ & ¥ ¥ <& ¥ < ¥
A ks v
G low recombination high recombination low recombination high recombination low recombination high recombination
013 0.023 025 0.0033 U.003Y Z.96-U0 :
1 0.091 0.52
_ 061 0.094 0.27 064 0.0035 0.039 064 — —2
(=)}
8
5 041 0.4 0.4
o
°
o
g L[]
& 0.2 0.2 . 0.2 '
@ LI L |
L] .
0.0 0.0 0.0
N D K N D K N D K S D K N D K S D K
‘\\\.3(\6 '\\\\Qe . &(Q{b ‘\\QQQ’ @(\6 . &@0 ‘\\\}(\6 »\\\\Qe . &@{b Q\QQQ’ @(\Z . &@0 Q\\}(\Z »\\\\Qe . &@{b Q\oe’ @(\Z . 6\@0
N N\ N N\ N N
(o@ ¥ NSO (o@ ¥ Q/Q ¥ (o@' ¥ Q/Q ¥
v A v
2 Fig. S11. Imputation accuracy as a function of recombination rate. Minimac4 and tuned and
3 untuned autoencoders (AE) were tested across three independent datasets - MESA (top),
4  Wellderly (middle), and HGDP (bottom) - and across three genotyping array platforms - Affymetrix
5 6.0 (left), UKB Axiom (middle), Omni1.5M (right). “High” vs “Low” recombination rate is defined
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1 by splitting genomic segments in those with greater than vs less than the median recombination
2 rate per variant per genomic segment. We applied Wilcoxon rank-sum tests to compare the
3 untuned and tuned autoencoder to Minimac4. The validation datasets consist of: A) MESA
4  Affymetrix 6.0; B) MESA UKB Axiom; C) MESA Omni 1.5M; D) Wellderly Affymetrix 6.0; E)
5 Wellderly UKB Axiom; F) Wellderly Omni 1.5M; G) HGDP Affymetrix 6.0; H) HGDP UKB Axiom; I)

6 HGDP Omni 1.5M.
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2 Fig. S12. HMM-based versus autoencoder-based imputation accuracy across MAF bins (F1
3 score). Autoencoder-based (red) and HMM-based (Minimac4 (blue), Beagle5 (green), and
4  Imputeb (purple)) imputation accuracy was validated across three independent datasets - MESA

5 (top), Wellderly (middle), and HGDP (bottom) - and across three genotyping array platforms -

60


https://doi.org/10.1101/2021.12.01.470739
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.01.470739; this version posted December 2, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

1  Affymetrix 6.0 (left), UKB Axiom (middle), Omni1.5M (right). Each data point represents the
2 imputation accuracy (mean F1-score per variant) relative to WGS-based ground truth across MAF
3 bins. Error bars represent standard errors. We applied Wilcoxon rank-sum tests to compare the
4 HMM-based tools to the tuned autoencoder (AE). * represents p-values < 0.05, ** indicates p-

5 values < 0.001, and *** indicates p-values < 0.0001, ns represents non-significant p-values.
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and Impute5 (purple)) imputation accuracy was validated across three independent datasets -

5 MESA (top), Wellderly (middle), and HGDP (bottom) - and across three genotyping array
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1 platforms - Affymetrix 6.0 (left), UKB Axiom (middle), Omni1.5M (right). Each data point
2 represents the imputation accuracy (mean concordance per variant) relative to WGS-based ground
3 truth across MAF bins. Error bars represent standard errors. We applied Wilcoxon rank-sum tests
4  to compare the HMM-based tools to the tuned autoencoder (AE). * represents p-values < 0.05, **
5 indicates p-values < 0.001, and *** indicates p-values < 0.0001, ns represents non-significant p-

6 values.
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1 Fig. S14. HMM-based versus autoencoder-based imputation accuracy across ancestry
2 groups. Autoencoder-based (red) and HMM-based (Minimac4 (blue), Beagle5 (green), and
3 Impute5 (purple)) imputation accuracy was validated across individuals of diverse ancestry from
4  HGDP cohort (EUR: European (top); EAS: East Asian (2" row); AMR: Native American (3™ row);
5 AFR: African (bottom)) and multiple genotype array platforms (Affymetrix 6.0 (left), UKB Axiom
6 (middle), Omni1.5M (right)). Each data point represents the imputation accuracy (average r-
7 squared per variant) relative to WGS-based ground truth across MAF bins. Error bars represent
8  standard errors. We applied Wilcoxon rank-sum tests to compare the HMM-based tools to the tuned
9 autoencoder (AE). * represents p-values < 0.05, ** indicates p-values < 0.001, and *** indicates p-

10 values < 0.0001, ns represents non-significant p-values.

11
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1  Supplemental Tables

3 Table S1. Performance comparisons between tuned autoencoder (AE) and HMM-based
4 imputation tools (Minimac4, Beagle5, and Imputeb) after applying data augmentation to HMM-

5 based tools.

MESA Wellderly HGDP Affymetrix 6.0 UKB Axiom  Omni 1.5M Combined

AE (tuned) vs
Minimac4 1.36e-04* 3.49e-06* 1.18e-03* 6.05e-04* 6.98e-08* 1.95e-03* 3.39e-05*
(augmented)

AE (tuned) vs
Beagle5 1.71e-05* 1.68e-09* 2.88e-09* 1.54e-06* 3.94e-10* 4.30e-07* 2.30e-08*
(augmented)

AE (tuned) vs
Impute5 1.24e-09* 3.15e-15* 5.28e-15* 4.41e-11* 2.47e-18 4.90e-10* 8.64e-14*
(augmented)

Minimac4
(original vs 4.91e-02¢ 2.07E-01 1.03E-01 1.74E-01 4.36e-02* 1.13E-01 9.17E-02
augmented)

Beagle5
(original vs 1.21e-02* 8.21E-02 2.35e-02* 8.96E-02 6.59e-03* 5.27E-02 2.58e-02¢
augmented)

Impute5
(original vs 5.45e-04* 6.89e-05* 1.78e-04* 7.01e-04* 1.16e-05* 4.15e-04* 1.26e-04*
augmented)

AE (tuned) 0.355+0.007  0.505+0.008  0.327+0.006  0.373+0.008 0.399+0.007  0.414£0.008  0.396%0.007

Minimac4 0.32240.007  0.462:0.008 0.303x0.006 0.342+0.008  0.358:0.006 0.388:0.007  0.363+0.007
(augmented)
Beagle5

0.316£0.007  0.446:0.008 0.2830.005 0.327£0.007  0.348:0.006  0.370£0.007  0.349+0.006
(augmented)
Impute5

0.294+0.007  0.416:0.008 0.261£0.006 0.302£0.008  0.318:0.006 0.351:0.008  0.324+0.007
(augmented)

6 We applied Wilcoxon rank-sum tests to compare the HMM-based tools to the reference tuned
7  autoencoder (AE). * represents p-values < 0.05, ** indicates p-values < 0.001, and *** indicates p-

8 values < 0.0001.
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1 Table S2. Detailed performance comparisons between tuned autoencoder (AE) and HMM-based

2 imputation tools (Minimac4, Beagle5, and Imputeb).
Dataset MESA Wellderly HGDP
array Affymetrix 6.0 UKB Axiom Omni 1.5M |Affymetrix 6.0 UKB Axiom Omni 1.5M |Affymetrix 6.0 UKB Axiom Omni 1.5M
AE (tuned) | g 70 1g5%+ 0.00e+00*** 7.226-89"* | 6.276-209"* 0.00e+00*** 2.756-198* | 2.35e-151"* 0.00e+00"* 5.556-67**
vs Minimac4
AE (tuned) 0.00e+00***  0.00e+00*** 0.00e+00*** | 0.00e+00*** 0.00e+00*** 0.00e+00*** | 0.00e+00*** 0.00e+00*** 0.00e+00***
vs Beagle5
AE (tuned) 0.00e+00***  0.00e+00*** 5.37e-191*** | 0.00e+00*** 0.00e+00*** 0.00e+00*** | 0.00e+00*** 0.00e+00*** 0.00e+00***
vs Impute5
"B":;Z‘I‘:g“ VS| 1.73e-259** 6.06e-16** 0.00e+00*** | 2.68e-86*** 1.65e-11*** 6.87e-64** 0.00e+00***  2.62e-185*** 0.00e+00***
:‘:'r::'t'l‘t‘:;“ VS| 4.87e-38"* 359e-48"** 1.17e-22"* | 3.05e-74"* 5.94e-15* 1.00e-25"* | 9.43e-261*** 0.00e+00*** 1.73e-251***
:ﬁ;ﬂ:‘:g VS | 1.92e-96** 2.75e-09* 1.23e-175** | 3.65E-01 1.98E-01  9.53e-00"* | 1.22e25* 261e-17*** 8.36e-57***
AE (tuned) | 0.410+0.001 0.395+0.001 0.452+0.001 | 0.537+0.001 0.605+0.001 0.586+0.001 | 0.363+0.001 0.364:0.001 0.392:+0.001
Minimac4 0.3904£0.001 0.364+0.001 0.436+0.001 | 0.500+0.001 0.557+0.001 0.551+0.001 | 0.350+0.001 0.340+0.001 0.385+0.001
Beagle5 0.383£0.001 0.379+0.001 0.420+0.001 | 0.484+0.001 0.549+0.001 0.534+0.001 | 0.326+0.001 0.328+0.001 0.353+0.001
Impute5 0.38420.001 0.356+0.001 0.429+0.001 | 0.485+0.001 0.547+0.001 0.539+0.001 | 0.328+0.001 0.314+0.001 0.359+0.001

3  Validation accuracies were stratified by dataset (MESA, Wellderly, HGDP) and genotype array

4  platform (Affymetrix 6.0, UKB Axiom, Omni 1.5M). We applied Wilcoxon rank-sum tests to compare

5 the HMM-based tools to the reference tuned autoencoder (AE). * represents p-values < 0.05, **

6 indicates p-values < 0.001, and *** indicates p-values < 0.0001.
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1

2

Table S3. Detailed performance comparisons between tuned autoencoder (AE) and HMM-based

imputation tools (Minimac4, Beagle5, and

Imputeb).

et amay e cned TAEed T AS(ned T Mimacke Wnimact BeieiiS oc (unoq) Minmack Seages imputs

MESA  Affymetrix 6.0 [0.001-0.005) 3.84e-306*** 0.00e+00*** 0.00e+00*** 0.00e+00***  1.30e-122*** 0.00e+00*** 0.141+0.001 0.128+0.001 0.129+0.001 0.121+0.001
MESA  Affymetrix 6.0 [0.005-0.01) 1.37e-48**  3.39e-280*** 8.96e-86***  3.12e-127*** 1.13e-08*** 1.22e-68*** 0.280+0.001 0.266+0.001 0.258+0.001 0.262+0.001
MESA  Affymetrix 6.0 [0.01-0.05)  2.62e-48**  6.14e-119*** 3.54e-72***  4.61e-23**  8.85e-05*** 7.81e-09*** 0.490+0.001 0.467+0.001 0.453+0.001 0.461+0.001
MESA  Affymetrix 6.0 [0.05-0.1) 2.11e-05"*  4.44e-49***  2.36e-04**  3.26e-23*** 7.11E-01  3.53e-24*** 0.728+0.002 0.703%0.002 0.684+0.002 0.698+0.002
MESA  Affymetrix 6.0 [0.1-0.2) 1.17e-15***  2.04e-50***  3.36e-09***  6.41e-11*** 6.50E-02  8.64e-16*** 0.793+0.002 0.763x0.002 0.753+0.002 0.758+0.002
MESA  Affymetrix 6.0 [0.2-0.3) 1.02e-16***  5.61e-25"**  6.87e-09***  5.09E-02 2.67e-02*  5.57e-05*** 0.825+0.002 0.794+0.002 0.790+0.002 0.789+0.002
MESA  Affymetrix 6.0 [0.3-0.4) 2.41e-19**  3.04e-28***  2.92e-09***  9.05E-02 1.08e-02*  3.17e-05*** 0.834+0.002 0.799+0.002 0.798+0.002 0.795:0.002
MESA  Affymetrix 6.0 [0.4-0.5) 2.46e-18**  7.67e-23***  3.85e-11***  3.80E-01 7A7E-02  9.77e-03*  0.842+0.002 0.806+0.002 0.805+0.003 0.801+0.003
MESA  UKB Axiom  [0.001-0.005) 0.00e+00*** 0.00e+00*** 0.00e+00*** 0.00e+00*** 1.04e-106*** 1.10e-95*** 0.145+0.001 0.117£0.001 0.132+0.001 0.108+0.001
MESA  UKB Axiom  [0.005-0.01) 7.45e-142*** 7.16e-191*** 4.41e-242*** 2.76e-23*** 8.03e-18*** 1.28E-01  0.255:0.001 0.226+0.001 0.249+0.001 0.216+0.001
MESA  UKB Axiom  [0.01-0.05)  2.85e-128*** 6.38e-41***  1.57e-181*** 1.76e-12***  3.30e-07*** 2.75e-34*** 0.432+0.001 0.400£0.001 0.418+0.001 0.393+0.001
MESA  UKB Axiom  [0.05-0.1) 5.91e-21**  4.88e-09**  2.14e-23***  2.68e-03* 4.80E-01  3.13e-04** 0.681+0.002 0.652+0.002 0.657+0.002 0.646+0.002
MESA  UKB Axiom  [0.1-0.2) 1.12e-42***  2.66e-11***  558e-37***  955e-11*** 504E-01  2.58e-08*** 0.791x0.001 0.758+0.002 0.766+0.002 0.752+0.002
MESA  UKB Axiom  [0.2-0.3) 8.25e-59**  1.62e-15***  5.06e-54***  2.23e-14*** 8.15E-01  1.07e-12*** 0.837+0.001 0.796+0.002 0.807+0.002 0.790+0.002
MESA  UKB Axiom  [0.3-0.4) 8.13e-81**  7.00e-14***  3.82e-72"**  3.98e-26*** 8.34E-01  2.26e-22*** 0.8400.002 0.795:0.002 0.810+0.002 0.789+0.002
MESA  UKB Axiom  [0.4-0.5) 5.60e-82**  8.03e-12***  1.69e-79***  6.34e-30** 6.20E-01  3.13e-29*** 0.846+0.002 0.800+0.002 0.819+0.002 0.794:0.002
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MESA Omni 1.5M
MESA Omni 1.5M
MESA Omni 1.5M
MESA Omni 1.5M
MESA Omni 1.5M
MESA Omni 1.5M
MESA Omni 1.5M
MESA Omni 1.5M
Wellderly Affymetrix 6.0
Wellderly Affymetrix 6.0
Wellderly Affymetrix 6.0
Wellderly Affymetrix 6.0
Wellderly Affymetrix 6.0
Wellderly Affymetrix 6.0
Wellderly Affymetrix 6.0
Wellderly Affymetrix 6.0
Wellderly UKB Axiom
Wellderly UKB Axiom

Wellderly UKB Axiom

[0.001-0.005) 6.78e-179***

[0.005-0.01)
[0.01-0.05)
[0.05-0.1)
[0.1-0.2)
[0.2-0.3)
[0.3-0.4)
[0.4-0.5)
[0.001-0.005)
[0.005-0.01)
[0.01-0.05)
[0.05-0.1)
[0.1-0.2)
[0.2-0.3)
[0.3-0.4)
[0.4-0.5)
[0.001-0.005)
[0.005-0.01)

[0.01-0.05)

1.37e-23***

1.51e-05"**

8.96E-01

7.72e-19***

2.53e-32"**

4.87e-32***

2.05e-53"**

0.00e+00***

9.46e-58"**

4.01e-43***

4.80e-19***

1.08e-46***

7.27e-35"**

1.93e-49***

8.77e-51***

0.00e+00***

1.42e-78***

3.20e-43"**

0.00e+00***

7.31e-253***

6.15e-118***

2.53e-52"**

3.14e-57***

2.68e-65"*

3.52e-34***

1.11e-22***

0.00e+00***

4.82e-140"*

2.50e-149***

2.25e-55"**

4.14e-53***

4.70e-38"**

3.99e-32"**

7.23e-32***

0.00e+00***

3.64e-137***

4.20e-124***

0.00e+00***

5.27e-53***

9.61e-14**

1.91E-01

5.03e-09"**

6.69e-18"**

5.66e-20"**

1.92e-38"**

0.00e+00***

2.37e-167***

1.02e-88***

7.24e-16™*

3.92e-34***

1.12e-23***

1.43e-35"*

5.15e-31***

0.00e+00***

4.44e-134**

1.06e-54***

0.00e+00***

6.68e-147***

2.01e-77***

2.25e-48***

5.40e-11***

8.66e-06"**

8.88E-01

3.17e-08"**

0.00e+00***

1.84e-26***

6.52e-34***

7.05e-12***

2.40E-01

5.90E-01

7.35e-03*

3.34e-03"

1.56e-98***

8.25e-14***

5.93e-22"**

8.51e-66™*

5.95e-08"**

1.54e-03*

2.57E-01

6.88e-03*

6.61e-03"

3.34e-02%

7.47E-02

0.00e+00***

1.44e-39"*

9.91e-12***

5.76E-01

1.23E-01

9.11E-02

1.17E-01

1.11e-02*

2.93e-173***

2.51e-11**

3.75e-02*

0.00e+00***

1.44-90**

6.53e-53***

2.05e-54***

2.65e-19***

6.35e-12***

2.46e-02¢

4.31e-04*

5.06e-19***

1.40e-02*

1.85e-06***

7.95e-12***

1.03e-02*

2.47e-02¢

3.62E-01

8.04E-01

5.08e-13***

3.79E-01

1.29e-12**

0.174+0.001

0.340+0.001

0.552+0.001

0.759+0.002

0.828+0.001

0.866+0.002

0.864+0.002

0.879+0.002

0.212+0.001

0.359+0.003

0.616+0.002

0.820+0.002

0.869+0.002

0.889+0.002

0.888+0.002

0.900+0.002

0.240+0.001

0.463+0.003

0.761+0.002

0.158+0.001

0.327+0.001

0.542+0.001

0.750+0.002

0.806+0.002

0.838+0.002

0.836+0.002

0.847+0.002

0.183+0.001

0.307+0.003

0.566+0.002

0.783+0.003

0.830+0.002

0.856+0.002

0.851+0.002

0.861+0.002

0.188+0.001

0.392+0.003

0.714+0.002

0.152+0.001

0.301+0.002

0.510+0.001

0.723+0.002

0.797+0.002

0.834+0.002

0.835+0.002

0.854+0.002

0.170+0.001

0.289+0.003

0.536+0.002

0.761+0.003

0.821+0.002

0.850+0.002

0.848+0.003

0.859+0.002

0.179+0.001

0.374+0.003

0.694+0.002

0.148+0.001
0.317+0.001
0.537+0.001
0.749+0.002
0.805+0.002
0.838+0.002
0.834+0.002
0.845+0.002
0.170+0.001
0.283+0.003
0.544+0.002
0.769+0.003
0.820+0.002
0.848+0.002
0.844+0.002
0.855+0.002
0.176+0.001
0.373+0.003

0.701+0.002
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Wellderly UKB Axiom
Wellderly UKB Axiom
Wellderly UKB Axiom
Wellderly UKB Axiom
Wellderly UKB Axiom
Wellderly Omni 1.5M
Wellderly Omni 1.5M
Wellderly Omni 1.5M
Wellderly Omni 1.5M
Wellderly Omni 1.5M
Wellderly Omni 1.5M
Wellderly Omni 1.5M

Wellderly Omni 1.5M

HGDP Affymetrix 6.0
HGDP Affymetrix 6.0
HGDP Affymetrix 6.0
HGDP Affymetrix 6.0
HGDP Affymetrix 6.0
HGDP Affymetrix 6.0

[0.05-0.1)
[0.1-0.2)
[0.2-0.3)
[0.3-0.4)
[0.4-0.5)
[0.001-0.005)
[0.005-0.01)
[0.01-0.05)
[0.05-0.1)
[0.1-0.2)
[0.2-0.3)
[0.3-0.4)
[0.4-0.5)
[0.001-0.005)
[0.005-0.01)
[0.01-0.05)
[0.05-0.1)
[0.1-0.2)

[0.2-0.3)

1.63e-62***

1.21e-141***

4.84e-219"*

5.32e-257***

0.00e+00***

0.00e+00***

1.20e-46***

1.67e-13***

5.40e-07***

2.89e-42***

2.56e-68"*

3.99e-89"**

1.88e-101***

0.00e+00***

9.42e-37***

1.27e-19***

5.84e-07***

4.01e-09***

2.52e-13***

1.70e-80***

4.36e-96***

7.82e-121***

3.33e-135***

5.32e-156***

0.00e+00***

1.49e-125"**

1.07e-93***

6.60e-59"**

1.73e-55"**

6.21e-68"*

1.54e-58"**

5.27e-60"**

0.00e+00***

0.00e+00***

5.35e-251***

1.05e-90***

6.45e-78***

1.54e-56***

1.47e-32***

4.21e-87**

4.78e-154***

1.46e-196™*

1.60e-244***

0.00e+00***

1.09e-102***

1.95e-25***

8.37e-04**

1.08e-22***

9.93e-47***

3.55e-68"**

2.12e-68"*

0.00e+00***

1.41e-180***

5.51e-161***

3.49e-67"**

6.97e-76***

2.43e-64**

6.88e-03*

1.88e-04**

9.07e-15***

1.38e-21***

1.62e-34***

2.69e-183***

8.69e-25"*

2.72e-36™*

1.59e-26***

4.85e-02*

8.71E-01

1.15e-04**

6.34e-07***

0.00e+00***

1.23e-172***

3.40e-124***

5.86e-46"*

1.44e-32***

9.52e-15"**

7.27e-05**

2.59e-05"**

9.63e-04**

4.46e-02*

1.02e-02*

1.06e-207***

4.07e-15***

1.68e-03*

1.12E-01

1.70e-03*

3.06e-02*

1.52E-01

1.44e-02*

0.00e+00***

2.29e-59"**

1.46e-68**

3.24e-32"**

1.49e-33"**

2.08e-20"**

1.74e-10**

5.92E-01

3.48e-05*"*

4.42e-12**

6.59e-19***

7.98e-03*

1.55e-02*

7.71e-19"*

1.08e-31***

1.76e-06***

6.20E-02

3.57e-02

2.86e-02*

4.57e-76**

6.90e-31***

3.88e-09***

4.07e-02*

4.55E-01

6.08E-02

0.911+0.001

0.930+0.001

0.944+0.001

0.940+0.001

0.949+0.001

0.255+0.001

0.428+0.003

0.706+0.002

0.883+0.002

0.915+0.002

0.933+0.001

0.927+0.002

0.933+0.002

0.115+0.000

0.255+0.001

0.477+0.001

0.720+0.002

0.791+0.002

0.813+0.002

0.879+0.002

0.893+0.001

0.902+0.001

0.892+0.002

0.900+0.001

0.215+0.001

0.376+0.003

0.671+0.002

0.862+0.002

0.889+0.002

0.907+0.002

0.896+0.002

0.902+0.002

0.110+0.001

0.245+0.001

0.461+0.001

0.695+0.002

0.765+0.002

0.786+0.002

0.868+0.002

0.891+0.001

0.907+0.001

0.899+0.002

0.908+0.002

0.197+0.001

0.347+0.003

0.641+0.002

0.844+0.002

0.885+0.002

0.904+0.002

0.897+0.002

0.904+0.002

0.094+0.000

0.212+0.001

0.416+0.001

0.662+0.002

0.747+0.002

0.774+0.002

0.875+0.002
0.889+0.001
0.899+0.001
0.886+0.002
0.895+0.002
0.203+0.001
0.355+0.003
0.653+0.002
0.854+0.002
0.883+0.002
0.901+0.002
0.892+0.002
0.897+0.002
0.097+0.000
0.224+0.001
0.428+0.001
0.660+0.002
0.733+0.002

0.760+0.002
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HGDP

HGDP

HGDP

HGDP

HGDP

HGDP

HGDP

HGDP

HGDP

HGDP

HGDP

HGDP

HGDP

HGDP

HGDP

HGDP

HGDP

HGDP

Affymetrix 6.0 [0.3-0.4)

Affymetrix 6.0 [0.4-0.5)

UKB Axiom

UKB Axiom

UKB Axiom

UKB Axiom

UKB Axiom

UKB Axiom

UKB Axiom

UKB Axiom

Omni 1.5M

Omni 1.5M

Omni 1.5M

Omni 1.5M

Omni 1.5M

Omni 1.5M

Omni 1.5M

Omni 1.5M

[0.001-0.005)
[0.005-0.01)
[0.01-0.05)
[0.05-0.1)
[0.1-0.2)
[0.2-0.3)
[0.3-0.4)
[0.4-0.5)
[0.001-0.005)
[0.005-0.01)
[0.01-0.05)
[0.05-0.1)
[0.1-0.2)
[0.2-0.3)
[0.3-0.4)

[0.4-0.5)

5.85e-16"**

2.89e-16"**

0.00e+00***

6.42e-154***

1.58e-100"**

9.25e-18"**

1.69e-51***

2.31e-71***

1.63e-104***

3.74e-93"**

5.46e-226***

1.04e-09***

4.61E-01

1.58E-01

1.63e-08"**

2.18e-14***

1.09e-34***

2.78e-29"**

6.47e-64**

7.59e-40"**

0.00e+00***

0.00e+00***

7.46e-277***

8.34e-48"*

1.48e-73***

5.99e-63"**

4.84e-81**

5.24e-50"*

0.00e+00***

0.00e+00***

7.26e-252***

5.99e-77***

3.95e-95"**

5.45e-80"**

1.27e-114***

8.21e-50"**

7.68e-72***

9.69e-63"**

0.00e+00***

0.00e+00***

0.00e+00***

3.52e-139***

1.93e-253"*

4.54e-249"*

3.67e-302***

8.92e-262***

0.00e+00***

2.39e-110***

8.61e-99"**

2.18e-41***

7.52e-111***

1.70e-107***

5.18e-157***

4.50e-131***

2.25e-15"**

7.01e-06™**

0.00e+00***

1.60e-75***

7.30e-49"**

2.05e-08"**

3.65e-03*

3.50E-01

9.67e-03*

5.86e-08"**

0.00e+00***

2.55e-221***

1.15e-221***

5.10e-79"**

1.44e-43+*

2.92e-25"**

7.10e-21***

1.90e-03*

9.49e-21***

3.98e-16"**

0.00e+00***

4.56e-76***

2.07e-107***

9.53e-57***

9.55e-77***

2.43e-55"*

2.63e-52"**

2.88e-45"*

3.78e-302***

2.71e-56™**

3.08e-85"*

2.87e-45**

6.73e-57***

5.09e-43"**

4.34e-44**

2.67e-37***

7.35E-02

7.45e-05*"*

1.59e-03*

5.59E-01

1.88e-12**

2.15e-24***

3.82e-55*"*

2.29e-60***

3.67e-70***

3.80e-83***

1.17e-153***

1.73e-59***

2.14e-34**

2.85e-05*"*

5.16e-03*

7.27e-05**

4.80e-07***

1.11e-23***

0.835+0.002

0.836+0.002

0.109+0.000

0.233+0.001

0.455+0.001

0.746+0.002

0.817+0.001

0.844+0.001

0.860+0.001

0.861+0.001

0.139+0.001

0.292+0.001

0.513+0.001

0.772+0.002

0.822+0.001

0.851+0.002

0.873+0.001

0.867+0.002

0.806+0.002

0.805+0.002

0.096+0.000

0.206+0.001

0.421+0.001

0.718+0.002

0.785+0.001

0.808+0.002

0.819+0.002

0.821+0.002

0.135+0.001

0.290+0.001

0.510+0.001

0.764+0.002

0.805+0.002

0.832+0.002

0.848+0.002

0.843+0.002

0.793+0.002

0.797+0.002

0.086+0.000

0.193+0.001

0.396+0.001

0.704+0.002

0.779+0.001

0.805+0.002

0.818+0.002

0.827+0.002

0.112+0.001

0.240+0.001

0.451+0.001

0.730+0.002

0.787+0.002

0.819+0.002

0.836+0.002

0.837+0.002

0.782+0.002

0.781+0.002

0.080+0.000

0.180+0.001

0.382+0.001

0.678+0.002

0.748+0.002

0.773+0.002

0.788+0.002

0.791+0.002

0.117+0.001

0.261+0.001

0.474+0.001

0.730+0.002

0.774+0.002

0.805+0.002

0.821+0.002

0.817+0.002
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1

2

3

Validation accuracies were stratified by dataset (MESA, Wellderly, HGDP), genotype array platform (Affymetrix 6.0, UKB Axiom, Omni 1.5M), and
MAF bin. We applied Wilcoxon rank-sum tests to compare the HMM-based tools to the reference tuned autoencoder (AE). * represents p-values <

0.05, ** indicates p-values < 0.001, and *** indicates p-values < 0.0001.
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