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Abstract: Polygenic risk scores (PRSs), which quantify inherited susceptibility to complex traits and 

diseases, have emerged as valuable tools for risk stratification and precision medicine. Despite their 

promise, PRS developed on European cohorts often demonstrate substantially reduced predictive 

accuracy in non-European populations, due to differences in genetic architecture. The disproportionate 

representation of European ancestry cohorts in genome-wide association studies (GWAS) leads to 

inequitable deployment of PRS technologies across diverse populations. Here, we introduce PRANA 

(Polygenic Risk Adaptation via Neural-network Architecture), a deep learning framework that adapts an 

existing PRS developed on one population to other ancestries. Unlike methods that require large-scale 

GWAS in the target population, PRANA leverages pre-trained PRS models derived from European 

cohorts and adapts them using modestly sized cohorts from the target population. 

We evaluated PRANA on seven complex traits in South Asian, East Asian and Ashkenazi Jewish 

populations, as well as in selected smaller East Asian subpopulations where the scarcity of training data 

poses a particular challenge. PRANA mostly improved predictive performance of the baseline PRS 

models by 5%-20% in terms of effect size (β) and Nagelkerke’s R², and, in most cases, outperformed 

existing cross-ancestry multi-PRS approaches. These results highlight PRANA as a scalable and practical 

strategy to reduce disparities in genomic risk prediction and advance the equitable application of PRS in 

diverse populations. 
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Introduction 

Polygenic risk scores (PRSs) provide a quantitative measure of an individual’s inherited susceptibility to 

complex traits and diseases by aggregating the effects of numerous SNPs, typically numbering from 

several dozen to hundreds of thousands. Their increasing use in biomedicine and clinical research has 

underscored their potential utility in risk stratification, precision medicine, and early disease prediction 

(Khera et al., 2018; Lewis and Vassos, 2020). 

A critical challenge in deploying PRS is the well-documented observation that PRSs trained on individuals 

of one ancestry perform worse in individuals of other populations, where performance declines with 

increased genetic distance between the two populations. At present, there is a substantial bias towards 

the European (EUR) population on which the majority of GWASs were performed, and thus, decreased 

PRS performance on non-European populations, including African (AFR), South Asian (SAS), and East 

Asian (EAS) ancestries (Martin et al., 2019; Duncan et al., 2019). This disparity, arising from differences 

in allele frequencies, linkage disequilibrium (LD) patterns, and genetic architecture, hinders the 

equitable deployment of PRS globally across populations. 

To address this issue, a variety of methods have been proposed in recent years. Among them are (1) multi-

PRS approaches, which aggregate scores derived from multiple populations (Márquez-Luna et al., 2017), 

(2) PRS-CSx, a Bayesian framework that leverages LD panels from different ancestries to jointly estimate 

SNP effects (Ruan et al., 2021), (3) PolyPred, which uses linear combinations of multiple ancestry-specific 

predictors, often incorporating functional annotations to improve portability (Weissbrod et al., 2022) and 

(4) transfer learning-based methods such as PRS-TL, which adapt effect sizes learned from one population 

to another using gradient descent (Lu et al., 2022). Each of these methods has demonstrated partial 

success, improving PRS performance in underrepresented populations to varying degrees. However, their 

effectiveness is frequently constrained by the limited sample sizes available for non-EUR GWASs, model 

complexity, and the intrinsic difficulty of capturing subtle ancestry-specific signals without overfitting. 

Given the limitations of cross-ancestry prediction, recent efforts have begun exploring the potential of 

deep learning to enhance polygenic risk prediction. For example, PRS-Net (Li et al., 2025) attempts to 

incorporate global information from biological networks in graph neural networks (GNN), and uses 

attentive module for cross-ancestry prediction. But while deep learning has shown transformative success 

in fields such as computer vision, natural language processing, and drug discovery, in genomics, and in 
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PRS modeling in particular, deep learning has not consistently outperformed classical statistical 

approaches (Schuran et al., 2025; Yuan et al., 2025). This is largely due to structural challenges in genomic 

data: datasets are often high-dimensional and sparse, signals are polygenic, and training cohorts are 

relatively small compared to other domains where deep learning thrives. 

In this study, we introduce Polygenic Risk Adaptation via Neural-network Architecture (PRANA), a novel 

deep learning framework designed to adapt an existing PRS trained on one population to individuals from 

other populations by learning ancestry-specific transformations of the PRS signal. Rather than developing 

an entirely new model from raw genotype data, our method utilizes a pre-trained PRS model derived from 

a large-scale, typically European, GWAS, and uses a much smaller cohort, of just a few thousand 

individuals, from the target population to adapt the polygenic scores. We evaluated the performance of 

our method using PRS models generated by standard tools such as pruning and thresholding (P+T) (Purcell 

et al., 2007), Lassosum (Mak et al., 2017), or PRS-CSx (Ruan et al., 2021) on seven traits/diseases across 

four populations. In addition, we assessed the performance of PRANA within subpopulations, where data 

availability for the target subpopulations is limited.  

Methods 

In the following secƟon we describe the construcƟon of PRS models, and the adaptaƟon of these models 

to other populaƟons. We call the large (typically EUR) populaƟon on which the iniƟal PRS was developed 

the discovery populaƟon, and the populaƟon of a different ethnicity to which the PRS is to be adapted 

the target populaƟon.  

Datasets and GWAS summary staƟsƟcs 

UK Biobank. We ran GWASs for mulƟple binary phenotypes on the EUR populaƟon using UK Biobank (UKB) 

data (Bahcall, 2018), constructed PRS models for each phenotype, and adapted them to the target SAS 

populaƟon from the UKB. We started by performing QC using PLINK (Purcell et al., 2007; Chen et al., 2019), 

and kept only SNPs with MAF≥5%, HWE ≥ 1x10-6 and missing rate ≤10%. We kept only samples where 

less than 10% of the SNPs measured for the enƟre UKB cohort were missing. In addiƟon, we filtered out 

ambiguous and duplicated alleles. 5,243,085 SNPs passed this process. The EUR GWASs uƟlized the enƟre 

EUR populaƟon from the UKB that passed our filtering (n=487,409). For SAS, we used 5000 individuals to 

perform GWASs. The rest of the SAS UKB cohort (n=4,416) was used for PRS model training and tesƟng. 
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The phenotypes we analyzed using UKB were based on the following consideraƟons: We extracted 

candidate diseases from the "non-cancer illness" field (code 20002), excluding Cholesterol and 

Hypertension, which are quanƟtaƟve in nature. We filtered the diseases based on two criteria: (1) The 

esƟmated SNP-based heritability of the disease in the EUR GWAS we generated was above 2%, as 

measured by LDSC (Bulik-Sullivan et al., 2015) with default parameters. (2) The disease had > 500 cases in 

the UKB SAS populaƟon. Five diseases passed this filtering process: Type 2 Diabetes, Asthma, 

Hypothyroidism, Angina pectoris, and hay-fever. See Table S1 for the cohort staƟsƟcs of each disease. 

Schizophrenia - Ashkenazi Jewish (AJ) dataset. For the evaluaƟon of Schizophrenia (SCZ) PRS in AJ, we used 

a EUR SCZ GWAS (Ripke et al., 2014) that excluded the AJ individuals. These individuals were used as the 

target set in our analysis (dbGaP access id: phs000448.v1.p1;  1044 cases, 2052 controls).  

Breast Cancer AssociaƟon ConsorƟum (BCAC). We extracted two discovery sets from BCAC (Michailidou 

et al., 2017): (1) EUR discovery set, comprising 72,899 BC cases and 59,436 controls, and (2) a small-scale 

EAS (Singaporean) discovery set, containing 3,566 BC cases and 3,343 controls. For each discovery set, we 

applied the same QC as for the UKB data. 4,954,903 and 5,649,407 SNPs passed this process, for EUR and 

EAS, respecƟvely. The remaining EAS genotypes (n=13,241; 7607 cases, 5634 controls) were used as the 

target set in our analysis. 

Single-ethnic PRS methods 

We used two methods for construcƟng PRS models using GWAS data from a single populaƟon: (1) Pruning 

and thresholding (P+T), using PLINK (Purcell et al., 2007), and (2) Lassosum (Mak et al., 2017).  For each 

method, we chose a set of hyperparameters that yielded PRS models with < 500 SNPs. In the UKB, the 

Angina and Hay-Fever GWASs had weaker signals compared to the other three diseases (<75 SNPs with p-

value < 1x10-08, and <500 SNPs with p-value < 1x10-04). To avoid very sparse models, we chose two sets of 

hyper-parameters – one for the stronger GWASs (Type 2 Diabetes, Asthma, Hypothyroidism) and another 

for the weaker ones (Angina, Hay-Fever). Details on the selected models and hyperparameters are 

provided in Table S2.   

MulƟ-PRS methods  

PRANA was evaluated against several mulƟ-PRS methods on the BCAC EAS populaƟon: (1) mulƟ-pruning 

and thresholding (P+T), using PLINK (Purcell et al., 2007), (2) mulƟ-Lassosum (Mak et al., 2017), and (3) 

PRS-CSx (Ruan et al., 2021). These methods receive a large-scale EUR GWAS as input, and a small-scale 

EAS GWAS and construct PRS for each of them. PRS-CSx was applied using the two GWASs jointly in the 
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same execuƟon. Each method yielded two sets of SNP weights - one from the EUR GWAS (EUR PRS), and 

one from the EAS GWAS (EAS PRS). In all three methods the combined PRS was obtained by fiƫng linear 

regression on the two sets of weights. 

We constructed mulƟple EUR- and EAS-PRS models using different configuraƟons of hyperparameters 

(Table S3), and applied nested cross-validaƟon to idenƟfy best-performing model configuraƟons, selecƟng 

one opƟmized model per ancestry. 

Nested cross-validaƟon scheme 

We applied a modified version of the (𝑛 + 1) ∗ 𝑛 nested cross validaƟon (CV) scheme described in (Levi 

et al., 2023).  Briefly, each target set cohort was split into 𝑛 + 1 subsets. One subset was held out as an 

external test set, while the remaining n subsets were used for an internal 𝑛-fold CV, where PRS models 

were trained on  𝑛 − 1 folds and evaluated on the remaining validaƟon fold. AŌer iteraƟng over the 𝑛 

combinaƟons of training and validaƟon folds, the best hyper-parameter set was selected based on average 

performance on the validaƟon sets. The final PRS model was retrained on all 𝑛 folds with the best 

hyperparameter set and evaluated on the test set. This enƟre process was repeated 𝑛 + 1 Ɵmes, each 

Ɵme designaƟng a different subset as the test set, and the performance on the test set was averaged 

across all iteraƟons. 

The mulƟ-PRS methods use GWAS summary staƟsƟcs derived from a subset of the target populaƟon 

(target populaƟon discovery set), reserving the remaining genotypes for hyperparameter tuning. In 

contrast, PRANA does not use GWAS summary staƟsƟcs, and therefore, we included all the genotypes of 

the target populaƟon discovery set directly as PRANA’s training set for both the UKB and the BCAC 

datasets.   

We uƟlized a 4X3 nested CV strategy for the UKB and the SCZ-AJ datasets. For the BCAC cohort, where the 

effecƟve sample size was larger, we applied a 6X5 nested CV scheme.   

EvaluaƟon metrics 

We used four criteria to evaluate the performance of PRS models: AssociaƟon coefficient (Beta), 

Nagekerke’s R2, Area Under the Receiver OperaƟng Curve (AUROC), and Area Under Precision Recall Curve 

(AUPRC). To calculate Beta and Nagelkerke’s R2, we trained a logisƟc regression model that predicts the 

disease status from the PRS and top five principal components (PCs) obtained by PCA as performed 

previously (Levi et al., 2024).  
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The PRANA architecture 

The outline of PRANA is described in Figure 1. Given a PRS model comprising 𝑛 SNPs, PRANA one-hot 

encodes the genotypes as a 3𝑥𝑛 bit matrix. A SNP genotype homozygous to the reference is as [1,0,0], 

heterozygous encoded as [0,1,0], and homozygous to the alternaƟve is encoded as [0,0,1]. Missing 

genotypes are encoded [0,0,0]. Each encoded SNP is passed into a 3-to-1 linear layer, with iniƟal edge 

weights depending on the minor allele frequency (MAF) of the SNP, as follows: we set the weight 

associated with each dosage to 𝑑𝑜𝑠𝑎𝑔𝑒 − 2 ⋅ 𝑀𝐴𝐹௧௥௔௜௡ where dosage=0/1/2, and the intercept to 2 ⋅

𝑀𝐴𝐹௧௥௔௜௡ , where 𝑀𝐴𝐹௧௥௔௜௡ is the MAF calculated on the training set data. 

The encoded values are then passed through two parallel arms: (1) a linear n-to-1 perceptron called ‘PRS’,  

where the weights are frozen and are set according to the original base PRS model; and (2) a learnable 

fully connected parallel adapter arm. This arm is a mulƟ-layer perceptron (MLP) with two layers: n-to-2, 

and 2-to-1.  To ensure that the weights in the first layer in the adapter arm are scaled proporƟonally to 

those of the PRS arm, we used a modificaƟon of the weight iniƟalizaƟon proposed by (Glorot and Bengio, 

2010; He et al., 2015). Specifically, the weights of the first layer in the adapter arm were drawn from 

𝒩(0,
ఙ෥మ

√௡ 
), where 𝜎෤ଶ is the variance of the original PRS weights and 𝑛 is the number of SNPs. No acƟvaƟon 

funcƟon was applied aŌer any of the layers. Each arm outputs a single value, and the sum of the two values 

is the final predicted risk score. 

SelecƟng the number of epochs 

Using the nested CV process, we select the opƟmal number of training epochs for PRANA from the set {0, 

100, 200, 300}. For the larger BCAC cohort, since a larger number of folds allows more robust exploraƟon 

of hyperparameter values, we used the set of values {0, 50, 100, 150, 200, 250, 300}. 

Loss funcƟon 

We constructed a customized loss funcƟon inspired by Nagelkerke’s R2, which uses the log likelihoods of 

the logisƟc regression model trained to predict a trait from the risk scores: 

𝑅ே
ଶ (𝑙଴, 𝑙ଵ)  =

1 −  𝑒𝑥𝑝 ቆ
2
𝑁

( ℓ଴ − ℓଵ)ቇ

1 − 𝑒𝑥 𝑝 ቀ
2
𝑁

ℓ଴ቁ
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Where ℓଵ and ℓ଴ are the log likelihoods of the tested and the null models, respecƟvely, and N is the size 

of the batch for which we compute the loss. 

For each batch, we approximated a logisƟc regression model by training another single-layer fully 

connected network, which we called LogiNet. It is fed with the predicted risk score and the top 5 PCs. The 

layer outputs a single value, which is input into a sigmoid acƟvaƟon funcƟon. LogiNet is trained for 100 

epochs, with binary cross entropy (BCE) loss, Adam opƟmizer, and learning rate of 0.01. AŌer the training, 

we compute LogiNet’s log likelihood (−𝐵𝐶𝐸; denoted ℓ෠ଵ), which is used in our loss funcƟon to 

backpropagate to the weights of PRANA. Next, ℓ෠ଵ is plugged in to compute an approximaƟon of 

Nagelkerke’s R2: 𝑅ே
ଶ෢  = 𝑅ே

ଶ (𝑙′଴, ℓ෠ଵ), where  ℓ′଴ is computed from a logisƟc regression model fiƩed by the 

statsmodels package in Python with the same features.  The final loss value is 1 − 𝑅ே
ଶ෢ ଶ

. The squaring of  𝑅ே
ଶ෢  

was performed to miƟgate potenƟal overfiƫng arising from the amplificaƟon of small esƟmaƟon errors in 

𝑅ே
ଶ෢ . This loss funcƟon ulƟmately backpropagates gradients to update the PRANA weights through ℓ෠ଵ, as 

ℓ෠ଵ is computed using the risk scores generated by PRANA.  

For the UKB and the BCAC datasets, PCs were computed using independent ethnically heterogenous 

genotypes from the UKB and BCAC, respecƟvely. For the SCZ-AJ datasets, where such independent data 

was not available, we used only the batch data to compute the PCs for the computaƟon of that batch to 

avoid data leakage. 

Results 

We developed PRANA (Figure 1 and Methods), a deep-learning method to improve risk prediction for 

binary outcomes in underrepresented target populations by adapting existing PRS models constructed 

from a larger, ancestrally distinct population. Starting from a PRS base model trained on a large-scale 

discovery cohort, typically available for EUR population, PRANA fixes a “PRS arm” according to the weights 

of the base model. The transfer is performed through a parallel adapter arm, inspired by (Houlsby et al., 

2019; Rebuffi et al., 2018). The adapter arm comprises learnable weights that are fine-tuned using 

genotypes of a modest number of individuals in the target population—without requiring additional 

GWAS summary statistics. Importantly, PRANA does not add or remove SNPs from the original base 

model, which ensures that (1) the required SNPs for the target population are known a priori, and (2) 

model parsimony is maintained by avoiding an expansion of the set of input SNPs. This framework aims 
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to narrow the gap between well-powered PRS models, typically derived from European cohorts, and the 

lack of such predictive models in diverse populations with limited cohort sizes.  

To test the ability of PRANA to adapt existing PRS model to a different target population, we measured 

the relative increase in prediction performance when adapting base EUR PRS to non-EUR populations. We 

began by testing PRANA in SAS population from the UKB (Bahcall, 2018) across five binary traits: Type 2 

Diabetes, Asthma, Hypothyroidism, Angina, and Hay fever (See Table S1 for cohort sizes). For each trait, 

we constructed baseline PRSs from EUR GWAS summary statistics using two popular PRS construction 

methods: (1) pruning and thresholding (P+T) (Purcell et al., 2007), and (2) Lassosum (Mak et al., 2017). 

Then, we used PRANA to adapt each PRS to the target SAS population. The adapted models were trained 

and evaluated using a nested cross validation scheme (see Methods), with the following metrics: (1) Beta 

(PRS association coefficient), (2) Nagelkerke’s R2, (3) Area Under Receiver Operating Curve (AUROC), and 

(4) Area Under Precision Recall Curve (AUPRC). 

Figure 2 shows the relative improvement achieved by PRANA adaptation of the original EUR-based PRS 

model to the SAS population. PRANA improved performance as measured by all the four indexes: 

compared to the EUR base PRS model, Beta, Nagelkerke’s R2 AUROC and AUPRC were improved, 

respectively, in 9, 8, 8, and 6 out of the 10 tested PRS method-trait combinations (Figure 2). 

Next, we constructed SAS-based PRS models for these five traits using P+T (Purcell et al., 2007) and 

lassosum (Mak et al., 2017). For this aim, we ran GWAS analysis using 5,000 SAS individuals from the UKB 

(Table S1) and constructed PRS for SAS. We then compared the performance of the EUR-based PRS model 

adapted by PRANA against (1) the original EUR PRS model, (2) the SAS PRS model, and (3) a combined PRS 

model that incorporates the risk scores computed by EUR and SAS PRSs as two features in a linear 

regression. These models were tested using nested CV on the remaining SAS cohort (n= 4416. See 

Methods). Table 1 summarizes the results. In 8 out of 10 cases, PRANA achieved the best performance in 

Beta, Nagelkerke’s R2 and AUROC. Notably, both the SAS and the combined PRS models rely on a 

substantially larger set of SNPs (Table S2) than the PRANA-adapted model, underscoring the ability of 

PRANA to improve prediction even with a more parsimonious SNP set. 

We next evaluated PRANA on additional datasets and ethnicities. First, we evaluated it on Schizophrenia 

(SCZ) in a cohort of Ashkenazi Jews (AJ) (Lencz et al., 2013). As before, we generated PRS from EUR SCZ 

GWAS (Ripke et al., 2014) using P+T and Lassosum (Methods). Consistent with the previous results, PRANA 
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achieved higher predictive performance than the original EUR base model, reaching >30% relative 

improvement in Beta (Figure 3).  

Next, we evaluated our method for the breast cancer (BC) using the EAS cohort from the BCAC as the 

target population. This relatively large non-EUR cohort includes 11,173 BC cases and 8,977 controls of EAS 

ancestry. In particular, the high number of cases, enabled us to conduct nested CV with a greater number 

of folds, allowing a more extensive hyperparameter search (see Methods). Using PRANA, we generated 

an EAS-adapted version of the established 313-SNPs BC PRS (BC PRS313) constructed by Mavaddat et al. 

(Mavaddat et al., 2019). In this analysis too, the PRS model adapted by PRANA markedly improved the 

performance of the original BC PRS313 model on EAS women, obtaining 6.22 ±  3.58  , 12.35 ±

7.61, 1.17 ± 0.71,  and 1.26 ± 0.7 percent improvement in Beta, Nagelkerke’s R2, AUROC, and AUPRC, 

respectively (mean ± SEM). These results are slightly higher than those obtained using the original 

hyperparameter values (Table S4). 

Using the BCAC dataset, we were also able to compare the BC PRS313 model adapted by PRANA for EAS 

women to multi-PRS models constructed by three popular multi-PRS methods: multi-PT, multi-lassosum, 

and PRS-CSx (Ruan et al., 2021) (Methods). For the construction of PRS models by these methods, we used 

BC GWASs we generated for the EUR and the EAS BCAC cohorts as input (see Methods). Notably, even 

though PRANA relies only on a limited set of SNPs (n=313), it outperformed the other methods in terms 

of Nagelkerke’s R2, AUROC, and AUPRC (Figure 4). The Beta value obtained by PRANA was second only to 

the model constructed by PRS-CSx, which included hundreds of thousands of SNPs. These findings are 

particularly important, as they show that when a high-quality small EUR-PRS model is already available, 

PRANA can be used to generate a lightweight PRS model that outperforms or is comparable to other multi-

PRS models, which typically use numerous SNPs. 

We then evaluated PRANA performance across different EAS subpopulations by stratifying the original 

BCAC EAS cohort by country of origin (see Table S5 for subpopulation sizes). For each country, the PRANA 

model was trained on samples excluding that country and then tested on the samples from the held-out 

country. In this analysis too, the EUR BC PRS313 was used as the base model. Figure 5 shows performance 

as a function of the number of training epochs. For most countries the largest improvement was obtained 

between 20 and 40 epochs. These results highlight the ability of PRANA to utilize the information from 

the super-population, even when data for the target subpopulation is limited. 
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Taken together, our results demonstrate that PRANA improves prediction in underrepresented 

populations by recalibrating lightweight EUR PRSs. This improvement persists even within subpopulaƟons 

where available data is limited. We also show the ability of PRANA to process PRS models that were 

developed in the general population and adapt them for risk prediction in target groups who carry rare 

mutations. Moreover, in most cases PRANA’s performance matched or exceeded multi-PRS approaches, 

which construct high-dimensional models that require extensive GWAS summary data. 

Discussion 

Polygenic risk scores have shown great promise with clear clinical potential. However, while they achieve 

strong predictive performance when trained on large cohorts - currently available mainly for European 

ancestry populations - their accuracy drops in non-European target populations, with the decline closely 

tied to the genetic distance from the discovery population. 

In this study, we introduced PRANA, a deep learning method designed to adapt existing PRS models to 

new target populations. PRANA requires only a few thousand genotypes for the adaptation, an advantage 

given that GWAS derived from such small sample sizes are typically very noisy. Furthermore, PRANA 

preserves the original PRS feature set, enabling broader applicability across different contexts and 

ensuring that the adapted models remain lightweight. By utilizing a highly parsimonious SNP set, PRANA-

adapted models lower computational overhead and simplify data-handling requirements, making them 

substantially easier to implement within real-world clinical workflows and public healthcare systems 

where resource efficiency is paramount. 

We evaluated PRANA across four datasets, each representing a different target population, and observed 

consistent improvements in predictive performance. Additionally, our results indicate that PRANA 

enhances prediction accuracy even when only genotypes from a closely related subpopulation are 

available, underscoring its utility in real-world scenarios with limited data. Usually, learning plateaued on 

the held-out subpopulation after 20-30 epochs. Interestingly, the only population in which PRANA 

continued to improve after 50 epochs was the EAS immigrants from the USA (Figure 5). A possible 

explanation is the distance between the training and target populations: Previous studies have shown that 

including additional samples in the training process improves performance, particularly when these 

samples are ethnically matched to the target set (Ruan et al., 2021). This likely reflects the higher 

relevance of the training data to this specific group; as the training set contains a high density of samples 
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matching the ancestral background of US-based EAS individuals, the model can extract more complex 

features before plateauing.  

In addition, we compared PRANA with popular multi-PRS models. Despite relying on a much smaller set 

of SNPs, PRANA achieved superior performance in most cases and across multiple metrics. These results 

highlight the advantages of adaptation of an extant PRS model over constructing a new model for the 

target population from small GWASs. 

One limitation of PRANA is its runtime. While training remains efficient for a few hundred SNPs, the 

computational cost increases when the set grows to thousands of SNPs (Figure S1). As a result, PRANA is 

best suited for adapting small- to medium-sized PRS models, and less so for those containing tens of 

thousands of SNPs. 

Beyond pure ancestry, an active field of research also explores how to combine PRS models with non-

genetic variables, such as the shifting lifestyle factors in different ethnic groups. Excitingly, PRANA’s 

deep learning architecture is highly flexible and could potentially be extended in future iterations to 

explicitly capture these complex gene-environment interactions to further refine risk prediction. 

In summary, our results demonstrate that PRANA effectively improves the predictive performance of 

binary trait PRSs across diverse and underrepresented ancestral groups. 
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The UK biobank data were used by permission from https://www.ukbiobank.ac.uk/ 
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Table 1. Performance comparison of the EUR-based PRS model adapted by PRANA against (1) the original EUR PRS model,  
(2) the SAS PRS model, and (3) a combined PRS model that incorporates the risk scores computed by EUR and SAS PRSs. 

Base method Trait Method Beta Nagelkerke's R^2 AUROC AUPRC 

Lassosum 

angna PRANA 0.255±0.031 0.031±0.004 0.569±0.007 0.064±0.005 
angna ls-combined 0.219±0.008 0.03±0.006 0.567±0.012 0.078±0.008 
angna ls-eur 0.162±0.023 0.026±0.005 0.543±0.009 0.066±0.006 
angna ls-sas 0.161±0.005 0.026±0.006 0.546±0.011 0.082±0.01 
ast PRANA 0.186±0.06 0.021±0.006 0.556±0.017 0.149±0.014 
ast ls-combined 0.166±0.073 0.02±0.006 0.544±0.022 0.145±0.014 
ast ls-eur 0.163±0.06 0.019±0.006 0.543±0.017 0.143±0.013 
ast ls-sas 0.057±0.052 0.014±0.006 0.516±0.01 0.129±0.008 
hfvr PRANA 0.131±0.051 0.025±0.008 0.536±0.012 0.063±0.005 
hfvr ls-combined 0.088±0.038 0.023±0.008 0.534±0.008 0.063±0.0 
hfvr ls-eur 0.131±0.051 0.025±0.008 0.536±0.012 0.064±0.002 
hfvr ls-sas 0.059±0.081 0.026±0.008 0.528±0.026 0.07±0.008 
hyty PRANA 0.409±0.067 0.048±0.008 0.611±0.016 0.1±0.007 
hyty ls-combined 0.403±0.064 0.048±0.008 0.611±0.017 0.1±0.009 
hyty ls-eur 0.39±0.046 0.045±0.006 0.599±0.014 0.1±0.007 
hyty ls-sas 0.152±0.05 0.026±0.006 0.544±0.018 0.08±0.004 
t2d PRANA 0.229±0.043 0.033±0.007 0.573±0.016 0.189±0.005 
t2d ls-combined 0.251±0.054 0.036±0.008 0.575±0.019 0.192±0.006 
t2d ls-eur 0.228±0.043 0.033±0.007 0.573±0.016 0.188±0.005 
t2d ls-sas 0.115±0.042 0.024±0.007 0.534±0.011 0.168±0.006 

P+T 

angna PRANA 0.263±0.015 0.032±0.007 0.579±0.01 0.074±0.008 
angna pt-combined 0.24±0.029 0.03±0.006 0.574±0.007 0.07±0.004 
angna pt-eur 0.201±0.012 0.028±0.006 0.56±0.005 0.066±0.005 
angna pt-sas 0.126±0.042 0.024±0.006 0.547±0.007 0.067±0.005 
ast PRANA 0.22±0.057 0.023±0.006 0.557±0.022 0.152±0.011 
ast pt-combined 0.174±0.053 0.019±0.006 0.541±0.02 0.145±0.009 
ast pt-eur 0.212±0.052 0.022±0.006 0.553±0.02 0.15±0.01 
ast pt-sas -0.159 0.015±0.008 0.472±0.016 0.117±0.007 
hfvr PRANA 0.097±0.053 0.024±0.006 0.521±0.018 0.069±0.004 
hfvr pt-combined 0.13±0.052 0.025±0.007 0.519±0.018 0.075±0.007 
hfvr pt-eur 0.104±0.059 0.024±0.006 0.522±0.019 0.069±0.004 
hfvr pt-sas 0.146±0.063 0.026±0.007 0.524±0.017 0.07±0.001 
hyty PRANA 0.454±0.046 0.052±0.009 0.625±0.01 0.097±0.006 
hyty pt-combined 0.432±0.06 0.049±0.011 0.617±0.015 0.092±0.004 
hyty pt-eur 0.425±0.057 0.048±0.011 0.615±0.014 0.094±0.005 
hyty pt-sas 0.07±0.034 0.022±0.006 0.526±0.012 0.071±0.003 
t2d PRANA 0.165±0.067 0.029±0.007 0.557±0.016 0.17±0.005 
t2d pt-combined 0.16±0.051 0.027±0.006 0.551±0.016 0.176±0.007 
t2d pt-eur 0.147±0.046 0.026±0.007 0.554±0.012 0.172±0.004 
t2d pt-sas 0.087±0.042 0.023±0.004 0.524±0.013 0.165±0.008 
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Figure Legends 

 

Figure 1. Outline of PRANA. The method one-hot encodes genotypes as input, weighting them by 

homozygous/heterozygous status to produce a dosage value per SNP and weighted by MAF. This 

encoding accounts for missing data and potential non-additive effects (see Methods). The encoded 

values are then passed through two parallel arms: (1) a fixed ‘PRS’ arm with weights initialized from an 

external pre-computed PRS model and kept frozen, and (2) a 2-layer MLP forming the learnable adapter 

arm. The values output by each arm are summed to generate the final predicted risk. 
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Figure 2. Relative improvement of PRANA compared to the original PRS models for five binary traits in 

SAS population from the UKB. P+T (pt), and lassosum (ls). Red dashes are the means. 
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Figure 3. PredicƟve performance of Schizophrenia PRS model in Ashkenazi Jews. Top: relaƟve 

improvement of PRANA vs. the baseline PRS method. BoƩom: absolute values for the baseline PRS 

methods and the PRANA-adapted models. Error bars are SEM across folds. pt: Pruning and thresholding,  

ls: Lassosum.  

 

 

Figure 4. PredicƟve performance of breast cancer PRS in EAS populaƟon from the BCAC dataset. PRS 

methods: PRS-CSx (csx), Mavaddat’s  313-PRS (313),  mulƟ-P+T (pt), mulƟ-lassosum (ls) and PRANA. Error 

bars are SEM. Epoch jumps=50. 
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Figure 5. PredicƟve performance of PRANA across training epochs on breast cancer in different East 

Asian subgroups, straƟfied by country. The USA and Canada groups consist of EAS immigrants. The black 

line is the mean across groups. The shaded area is the confidence interval of the mean. A maximum of 

50 epochs was chosen in applying the models based on the most frequent best number of epochs 

chosen in the nested CV.   
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Supplementary Figures 

 

 

Figure S1. PRANA runtime as a function of the number of input SNPs. Runtimes were measured over 100 

epochs on 8830 samples with 313 BC PRS. The number of SNPs was increased by incorporating into the 

model SNPs that are proximal to the 313 set and correlated with the original set. 
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