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16 Abstract

17 The limited transferability of polygenic scores (PGS) across populations constrains their clinical utility and risks
18 exacerbating health disparities, given challenges in multi-ancestry training, fine-mapping, and variant

19 prioritization using genomic annotations, particularly when biologically relevant reference resources are sparse
20 or unavailable for the target population. Here, we introduce PRISM, a transfer learning approach that jointly

21 addresses these challenges to enhance PGS transferability. Applying PRISM to 7352 fine-mapped variants,

22 414 ENCODE annotations, and 406,659 individuals from the UK Biobank, we demonstrate that ancestry-aware
23 integration of tissue-specific annotations yields the largest gains in predictive performance for African ancestry,
24 with an average improvement of 13.10% (p=1.6x10"°) over annotation-agnostic multi-ancestry PGS. Notably,
25 the best-performing model uses 102-fold fewer annotations than non-specific models, with contributions from
26 broad categories of annotations. Overall, PRISM complements ongoing data diversification efforts by providing
27 an immediately applicable strategy based on the integration of biologically aligned, best-available resources to
28 address genomic health equity.

29 (149/150 words)
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31 Introduction

32 Translating genomic discoveries into accurate predictive models of genetic liability is one of the central goals of
33 human genetics, with substantial implications for disease risk prediction, risk stratification, and population

34 health research. Advances in genome-wide association studies (GWAS) have identified thousands of loci

35 associated with complex traits and diseases, fueling methodological developments and their applications for

36 estimating polygenic contributions to disease liability. Polygenic scores (PGS), a statistical approach that

37 aggregates genome-wide genetic effects into a single numeric value, have attracted substantial research

38 interest and are increasingly explored for clinical applications[1,2]. However, the limited transferability of PGS
39 across populations and its potential risks for exacerbating health disparities remain one of the most significant
40 challenges[3,4]: PGS models trained in one training cohort often underperform in other target populations,

41 especially in African ancestry populations[5], which harbor substantial genetic diversity but often exhibit the

42 lowest predictive accuracy[6-9]. In addition to the ongoing data collection and capacity-building efforts, such as
43 those led by H3Africa[10-13], there is a pressing need for computational and statistical approaches that

44 enhance PGS performance in underrepresented populations by maximizing the value of currently available

45 resources[14].

46

47 Three main computational strategies have emerged to address the limited transferability of polygenic scores.
48 First, integration of genomic annotations, such as atlases of putative regulatory elements or cell-type-specific
49 transcription factor binding patterns, helps prioritize variants with functional relevance[15,16]. Second, training
50 PGS with multi-ancestry data leverages the shared genetic architecture of complex traits across genetic

51 ancestry groups, effectively prioritizing more robust genetic effects through pooling and implicit replication

52 across populations[17,18]. Recent work extends this strategy by training across the continuum of genetic

53 ancestry, as in our previous inclusive PGS (iPGS)[18], which demonstrated improvements across all ancestry
54 groups. Third, statistical fine-mapping prioritizes likely causal variants by resolving correlated association

55 signals in regions of high linkage disequilibrium (LD)[19]. Some methods incorporate combinations of these
56 strategies[20,21], but how to effectively integrate large-scale genomic annotations, multi-ancestry modeling,
57 and statistical fine-mapping that maximize benefits given limited and uneven data availability across

58 populations and tissues is still largely unexplored.

59

60 The increasing availability of genomic annotations presents a particularly attractive opportunity for enhancing
61 polygenic score modeling by prioritizing likely causal variants. For example, the ENCODE Consortium has

62 generated one of the largest and most comprehensive collections of regulatory annotations to date, consisting
63 of both experimentally derived and computationally predicted genomic annotation tracks across a wide range
64 of tissues and cell types[22—25]. These resources enable the integration of regulatory genomics into statistical
65 genetics, as demonstrated in pioneering works[15,20,21]. However, several practical challenges remain

66 underexplored: it is unclear which annotation modalities are most informative for a given trait or population,

67 how best to combine potentially heterogeneous annotations, and how to proceed when trait-relevant

68 annotations are not readily available for the target population of interest[26]. Developing new methodologies to
69 address these open questions would enhance the transferability of PGS, especially for underrepresented

70 populations where statistical power is often limited.

71

72 Here, we overcome these technical limitations and present Priors-informed Regression for Inclusive Score

73 Modeling (PRISM), a transfer learning based framework that unifies three complementary strategies for

74 enhancing PGS transferability: variant prioritization using large-scale genomic annotations, multi-ancestry

75 modeling, and statistical fine-mapping. With PRISM, we apply transfer learning to derive variant-level scores
76 from large-scale annotations and fine-mapped variants, which we subsequently use to inform variant

77 prioritization in polygenic modeling. We apply PRISM to integrate 414 genomic annotations from the ENCODE
78 Phase IV release with 7352 ancestry-specific, trait-agnostic fine-mapped variants from the Million Veteran

79 Program (MVP) and use these scores to train PGS models using 406,659 individuals across the continuum of
80 genetic ancestry in the UK Biobank (UKB)[11,27,28]. We demonstrate that ancestry-aware integration of

81 tissue-specific annotations leads to the greatest improvements in PGS transferability, with an average

82 improvement of 13.1% (p=1.6x10?) in R? in UKB African ancestry individuals across select traits, despite the
83 limited availability of 102-fold fewer biologically aligned genomic annotations and only 1.49% of
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84 ancestry-matched individuals used in the PGS training. PRISM also facilitates biological interpretation by
85 revealing heterogeneous contributions of trait-relevant annotations. Overall, our work highlights the advantage
g6 of integrating biologically aligned annotations as a complementary strategy to enhance PGS transferability,
g7 offering pragmatic and immediately applicable approaches to advance precision health for all.

88

89 Results

90 Overview of the PRISM and study design

91 In PRISM, we integrate large-scale annotations with fine-mapping results through transfer learning to enhance
92 PGS transferability (Fig. 1a). The workflow consists of three main steps, whose modular design allows us to
93 consider ancestry at multiple components of the analysis. First, we curate annotations and fine-mapping

94 results across a large number of traits. Second, we train a supervised learning model using fine-mapping

95 results as labels and annotations as input features, resulting in variant-level annotation scores. These scores
96 capture the optimal combination of annotations supporting the biological relevance of variants. Finally, we use
97 the scores to prioritize variants in PGS training.

98

99 In our study, we applied PRISM to annotations from ENCODE, fine-mapping results from MVP, and
100 individual-level genetic and phenotypic data from the UKB (Fig. 1b). Specifically, we first curated
101 ancestry-specific fine-mapped variants from MVP (7352 trait-variant pairs across 936 traits) and 414
102 annotations from ENCODE (Data and code availability)[11,22,29-33]. Second, we applied gradient boosting
103 to train a predictive model of continuous cV2F scores from annotations and fine-mapping results
104 (Methods)[34]. Third, we used these scores in PGS training in UKB[18,28,34,35], focusing on the following
105 four traits with clear primary tissue (Methods, Supplementary Table 1): lymphocyte count (blood), estimated
106 glomerular filtration rate (eGFR) (kidney), forced expiratory volume in one second to forced vital capacity
107 (FEV,/FVC ratio) (lung), and low-density lipoprotein cholesterol (LDL-C) (liver)[36]. We evaluated the predictive
108 performance of PRISM models and compared them to a baseline model trained without annotations or
109 fine-mapping results (Methods).

110

111 The modular design of PRISM accounts for four distinct types of ancestry in PGS modeling (Fig. 1¢): (I) the
112 genetic ancestry of the population used in fine-mapping (source population), (ll) the ancestry of biosamples
113 used to generate annotations, (lll) the ancestry of individuals used for PGS development, and (IV) the ancestry
114 of the held-out test set used for evaluation (target population). In this study, we focused on improving the

115 predictive performance of the African (AFR) ancestry group in the UKB. We used either AFR or European

116 (EUR) populations in MVP as the source for fine-mapping. For PGS training, we applied inclusive PGS (iPGS)
117 and considered individuals across the continuum of genetic ancestry[18].

118

119 Applying PRISM, we assessed the impact of ancestry- and tissue-specific models on PGS transferability,

120 compared its performance with existing PGS approaches, and conducted biological interpretation of the

121 best-performing models (Fig. 1d). We systematically varied the source population of fine-mapping results to
122 evaluate ancestry-matched and -mismatched PRISM models. We considered different annotation sets to

123 evaluate tissue-matched, tissue-mismatched, and tissue-non-specific models. Tissue-matched models used
124 annotations associated with biosamples matching the trait's primary tissue; tissue-mismatched models used
125 annotations from a non-primary tissue; and tissue-non-specific models used the all annotations available

126 (Methods). We compared the predictive performance of PRISM to existing PGS approaches to evaluate its

127 relative strength and limitations. To investigate how annotations contribute to variant prioritization in PRISM, we
128 examined the annotations associated with selected variants that showed increased predictive effects.

129
130
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133 a. PRISM (Priors-informed Regression for Inclusive Score Modeling using genomic annotations) integrates
134 genomic annotations with fine-mapping results to inform polygenic score (PGS) development via transfer
135 learning. The workflow consists of three steps: (I) curation of annotations and fine-mapping results, (I1)
136 supervised learning to generate annotation-informed scores, and (Ill) PGS training with variant prioritization.
137 b. Application of PRISM in this study. We integrated annotations from ENCODE, ancestry-specific
138 fine-mapping results from the Million Veteran Program (MVP), and genetic and phenotypic data from the UKB
139 to train PGS models across four traits with known primary tissues. We aggregated annotations into consensus
140 variant-to-function (cV2F) scores using gradient boosting and utilized them in inclusive PGS (iPGS).
141 ¢. PRISM accounts for four types of ancestry in PGS development: (l) the fine-mapping source population, (I1)
142 the ancestry of biosamples used to generate annotations, (lll) the ancestry of individuals in PGS model
143 development, and (1V) the ancestry of the held-out test set used for evaluation.
144 d. Systematic comparisons and interpretation. We evaluated the effects of ancestry-matched fine-mapping and
145 tissue-matched annotations on PGS transferability. We compared PRISM to existing PGS approaches. We
146 performed biological interpretation to examine the annotations contributing to improved predictive performance
147 in PRISM.

148
149

150 Ancestry-matched fine-mapping results enhance PGS transferability

151 To evaluate how the genetic ancestry of the source population influences PGS transferability, we trained

152 PRISM models using fine-mapping results from individuals of either African or European ancestry in MVP and
153 compared their performance. We quantified predictive performance (R?) in in the same held-out set of African
154 ancestry individuals in UKB (n=1154 for lymphocyte count, n=1134 for eGFR, n=1078 for FEV,/FVC ratio, and
155 n=1130 for LDL-C) and assessed average improvements over the baseline model across the four select traits
156 using orthogonal distance regression (ODR) (Supplementary Fig. 1)[11,37].

157

158 We found that ancestry-matched PRISM models consistently outperformed ancestry-mismatched ones (Table
159 1). Specifically, the average improvement in predictive performance was 13.10% (p=1.6x107%) for the

160 ancestry-matched model, compared to 1.80% (p=2x10°) for the ancestry-mismatched model (Model 1 vs. 2,
161 Methods) when using tissue-matched annotations, despite the European cohort having 3.7 times more

162 individuals and 5.7 times more fine-mapped variants. We also observed qualitatively similar results with

163 tissue-non-specific annotations (Model 3 vs. 4). Overall, these results demonstrate that ancestry-matched
164 fine-mapped variants led to more effective enhancements in PGS transferability than larger sets of

165 ancestry-mismatched fine-mapped variants.

166
Annotati Statistical fine- ing in th lati

nnotations atistical fine-mapping in the source population Average

Tissue Source population Ancestry- Number of Number of the improvement
Model specificity in fine-mapping matched individuals  fine-mapped variants over baseline p-value
1 Matched MVP African Yes 121,177 (1.0x) 1100 (1.0x) 13.10% 1.6x10°
2 Matched MVP European No 449,042 (3.7x) 6252 (5.7x) 1.80% 2x10°
3 Non-specific MVP African Yes 121,177 (1.0x) 1100 (1.0x) 6.10% 9x10°
4 Non-specific MVP European No 449,042 (3.7x) 6252 (5.7x) 0.90% 2.2x10°

167 Table 1. Ancestry-matched PRISM improves PGS transferability.

168 We evaluated the predictive performance (R?) of ancestry-specific PRISM models in the UKB African ancestry
169 held-out test set across four select traits. To quantify average improvement over the baseline model, we

170 applied orthogonal distance regression (ODR): R%prism-R2baseiine~0+ R2baseine (Methods). We show the number of
171 individuals and fine-mapped variants used in each model and the estimated average improvement and

172 statistical significance (p-value) from the ODR regression.

173
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174 Tissue-matched annotations enhance PGS transferability
175 To investigate the impact of tissue specificity in annotations on PGS transferability, we trained a series of

176 PRISM models using tissue-matched, tissue-mismatched, or tissue-non-specific annotations for comparison of
177 their predictive performance (Methods), while fixing the fine-mapped variants to those obtained from MVP

178 African source population. We refer to tissue-matched and tissue-mismatched collectively as tissue-specific, as
179 both are restricted to a single tissue. We evaluated the relative improvement in predictive performance

180 compared to the baseline model, the normalized performance relative to the estimated trait heritability (R%/h?),
181 and the average improvement across the four select traits (Fig. 2).

182

183 Overall, tissue-matched PRISM models showed the greatest improvements in predictive performance (R?),
184 despite using 8-38 times fewer annotations than tissue-non-specific models (Fig. 2a-c). Specifically, using

185 11-49 annotations, we observed a 36.51% improvements in predictive performance for FEV,/FVC ratio (lung;
186 17 annotations), 35.13% for lymphocyte count (blood; 49 annotations), 23.72% for eGFR (kidney; 11

187 annotations), and 8.71% for LDL-C (liver; 31 annotations), relative to the baseline model, which does not rely
188 on annotations or fine-mapping results (Fig. 2b). In contrast, tissue-non-specific PRISM models trained on the
189 full set of 414 annotations resulted in limited or negative gains: 22.76% for FEV,/FVC ratio, 10.04% for

190 lymphocyte count, -11.00% for eGFR, and 8.28% for LDL-C (Fig. 2a). We observed the advantage of

191 tissue-matched PRISM across both commonly (e.g., blood with 47 annotations) and less (kidney with only 11
192 annotations) well-represented tissues, despite substantial variability in annotation availability (Fig. 2¢-d,

193 Methods). Across traits, tissue-matched PRISM led to a 13.1% (95% CI:[3.3%, 23%], p=1.6x107°) average
194 improvement in predictive performance (Fig. 2e, Table 1). We used a geometric mean of 23.1 annotations for
195 tissue-matched PRISM models, which is a 17.9-fold decrease compared to the tissue-non-specific model.

196 Overall, these results highlight that curated, biologically relevant annotations are more informative than

197 broader, less-specific annotations for enhancing PGS transferability.

198
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199

200 Figure 2. Tissue-matched PRISM improves PGS transferability across four select traits in African
201 ancestry individuals in the UK Biobank.

202 a, b. Relative improvements (%) in predictive performance (R?) over the baseline model for tissue-non-specific
203 (a) and tissue-specific (b) PRISM models. In (b), we outline tissue-matched PRISM models with black diagonal
204 boxes.

205 ¢. Total number of annotations used in each model, with tissue-specific annotations colored by tissue.

206 d. Predictive performance of each PRISM model normalized by estimated trait heritability (R%/h?). Colors
207 indicate tissue-specificity.

208 e. Average improvement in predictive performance across four traits, quantified using orthogonal distance
209 regression (ODR): R%rism-R%paseine~0+R%saseine (Methods). Error bars represent the 95% confidence intervals.
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210 Comparison to existing approaches for PGS transferability
211 To assess the advantage of PRISM, we compared its predictive performance against those from three

212 widely-used PGS approaches (Fig. 3a): IMPACT[15], a representative transcription factor-binding-based

213 approach that relies solely on one type of annotation but with a larger number of 707 spanning different tissues
214 or cell-types; SBayesRC-multi[21], which combines tissue non-specific annotations with multi-ancestry

215 modeling; and PolyPred+[20], which integrates all three main strategies but in a less comprehensive manner
216 than PRISM. Specifically, we focused on the predictive performance (R?) in the same set of African ancestry
217 individuals in the held-out test set (Methods). Overall, PRISM demonstrated competitive predictive

218 performance for all tested traits with three out of four traits with the best predictive performance and

219 second-best for lymphocyte count, where it ranked after SBayesRC-multi (Fig. 3b, Supplementary Table 2).
220 Together, these results demonstrate that PRISM is a competitive and robust method for enhancing PGS

221 transferability.

222
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223

224 Figure 3. PRISM shows improved and competitive predictive performance for all traits against existing
225 approaches.

226 a. Comparison of the PGS approaches given their strategies for enhancing PGS transferability. PRISM is the
227 most comprehensive approach in integrating all three complementary strategies. V indicates the approach uses
228 the strategy. For fine-mapping, PolyPred+ performs fine-mapping directly (\*), whereas PRISM uses
229 fine-mapping results, offering more flexibility ().
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230 b. Predictive performance (R?) of annotation-informed approaches (color) across selected traits. PRISM shows
231 improved and competitive predictive performance for all traits against existing approaches. Error bars
232 represent 95% confidence intervals. We note that IMPACT is not applicable to eGFR, as no suitable lead
233 annotation was identified (Methods).

234
235
236

237 PRISM enables biological interpretation of selected variants
238 Having demonstrated that ancestry- and tissue-matched annotations enhance PGS performance, we next

239 performed biological interpretation by leveraging the sparsity of PRISM models. Specifically, we prioritized

240 variants, examined their contributing annotations, and quantified the importance of annotations (Fig. 4). As an
241 illustrative example, we focused on the ancestry- and tissue-matched PRISM model for FEV,/FVC ratio which
242 yielded the largest enhancement in PGS transferability, and presented results for the other three traits in

243 Supplementary Figs. 2-3, 5-7.

244

245 To prioritize genetic variants for interpretation, we applied three criteria: (i) the absolute value of the effect size
246 from the PRISM PGS model (|Brrisul) (ii) the absolute value of the difference from the annotation-agnostic

247 baseline model (|Brrism-Baaseine|), @nd (iii) the continuous cV2F score (Fig. 4a-b). Based on these criteria, we
248 defined four variant groups (Fig. 4c, Methods, Supplementary Table 3a-d). Briefly, Group A variants satisfied
249 all three criteria; Group B and Group C satisfied subsets of them; and Group D satisfied none. As expected,
250 most prioritized variants were non-coding and broadly distributed across the genome (Fig. 4d-f,

251 Supplementary Table 4).

252

253 Focusing on the prioritized variants in Groups A-C, we investigated the contributions of annotations (Fig. 49g).
254 To quantify the importance of annotations, we used Z-scores to capture local, per-variant contributions and
255 Shapley values to estimate genome-wide, global relevance (Methods)[38]. For example, Enformer tracks
256 revealed strong regulatory signals for several prioritized variants[24]: rs11678190 showed a 50-fold higher
257 CAGE value than the genome-wide median (0.0058 vs. 0.0001); rs1435867 exhibited a 76-fold enrichment in
258 DNase-seq predictions (0.00538 vs. 7.1x10°); and rs8040015 revealed a 100-fold increase in transcription
259 factor ChlP-seq signal (0.138 vs. 0.00217) (Fig. 4h). In addition, rs7215084 overlapped a tissue-specific

260 fine-mapped quantitative trait locus (eQTL) in the lung[20], further supporting the biological relevance of the
261 variant. Notably, no single annotation dominated the contributions across prioritized variants, highlighting the
262 importance of integrating diverse annotations within the PRISM.
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264 Figure 4. Biological interpretation of ancestry- and tissue-matched PRISM-selected variants for
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265 FEV,/FVC ratio using lung-specific annotations.
266 a. We use three criteria to group variants (color) (Methods). We plot criterion i (absolute value of PRISM effect
267 size) on the x-axis, criterion ii (absolute value of difference between PRISM and baseline effect sizes) on the
268 y-axis, and indicate criterion iii (top 5% cV2F score) with diamond shapes.
269 b. We show thresholds used for criteria i and ii. We use five standard deviations for criterion i (left) and the top
270 5% of the effect size difference range for criterion ii (right).
271 ¢. We assign variants to groups based on a combination of the three criteria.
272 d-f. We show genome-wide PGS effect sizes from the baseline model (d), PRISM model (e), and their
273 differences (f). In e-f, the blue lines represent thresholds for criteria i and ii. Color and shape indicate group
274 assignment.
275 g. We visualize absolute Z-scores of annotation values (y-axis) for prioritized variants (x-axis). We display the
276 three criteria and group assignment at the bottom, along with genome-wide Shapley values on the right. We
277 cap Z-scores at 25 for visualization; the full-scale version is in Supplementary Fig. 4.
278 h. We show histograms and browser tracks of annotations for four prioritized variants.
279 Abbreviations. JSD: Jensen—Shannon Divergence; TF: transcription factor.

280
281
282

283 To understand how annotations contribute to selecting variants in LD, we compared the annotations of selected
284 variants to those of nearby variants. We focused on two variants selected by the ancestry- and tissue-matched
285 PRISM model for FEV,/FVC ratio, and visualized their annotations using the UCSC Genome Browser[39].

286

287 The first variant, rs11853359 (15:71329185:G:A, GRCh38), is a well-characterized regulatory variant in a

288 putative enhancer of THSD4 and acts as an eQTL for the same gene in the lung[40,41]. Among eight variants
289 in LD (r*>0.8, MAF>0.2), PRISM assigned the largest effect size to rs11853359 (Fig. 5a-b, Methods). In

290 addition to its eQTL signal, rs11853359 overlaps with a distal enhancer-like element[40], exhibits DNase allelic
291 imbalance, and shows high predicted regulatory activity by Enformer (Fig. 5¢).

292

293 The second variant, rs7215084 (17:3976854:C:T, GRCh38), is less characterized in the literature, but exhibits
294 stronger annotations than its neighboring variants in LD. Among three variants in LD (r>>0.8, MAF>0.1),

295 PRISM selected only rs7215084 (Fig. 5d-e). Notably, the baseline model selected a different variant in strong
296 LD, rs9912501 (r’=0.96), which PRISM did not select. A previous study reported rs7215084 as a fine-mapped
297 eQTL for ATP2A3 in the lung (posterior inclusion probability=89%, p-value:7x10%')[33]. We found that

298 rs7215084 overlaps a proximal enhancer-like element, exhibits DNase allelic imbalance, and shows predicted
299 regulatory activity by Enformer (Fig. 5f). Furthermore, ATP2A3, the putative regulatory downstream target,
300 plays a role in calcium sequestration and muscle contraction[42,43]. A rare variant burden test also links

301 ATP2A3 to asthma, reinforcing its functional importance in airway physiology[44]. Additional Hi-C and JASPAR
302 data support a 3D chromatin interaction between rs7215084 and ATP2A3, with the variant located in a

303 predicted ZNF454 binding site[45,46].

304

305 Overall, these examples demonstrate the ability of PRISM to effectively combine multimodal annotations
306 specific to the trait of interest, prioritizing more biologically relevant genetic variants in PGS models.

307
308
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310 Figure 5. Biological interpretation of PRISM-selected variants for FEV /FVC ratio using lung-specific
311 annotations.

312 We highlight two PRISM-selected variants: rs11853359 (a—c) and rs7215084 (d—f). For each variant, we show
313 neighboring common variants in linkage disequilibrium (LD; r? > 0.8) (a, d), PGS coefficients from the PRISM
314 model (green) and baseline model (gray) (b, e), and annotation tracks (c, f). We highlight the variants of

315 interest in blue and neighboring LD variants in red.

316 a—c. rs11853359 at the THSD4 locus. The variant overlaps a distal enhancer-like element (dELS) and acts as
317 an eQTL for THSD4 expression in the lung. In a, we used a MAF threshold of > 0.2 to highlight neighboring
318 variants.

319 d—f. rs7215084 at the LINC01975/ATP2A3 locus. The variant overlaps proximal enhancer-like elements
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320 (pELS) and is a fine-mapped eQTL for ATP2A3 expression in the lung. In d, we used a MAF threshold of > 0.1
321 to highlight neighboring variants.
322 Abbreviations. 1KG: 1000 Genomes; logfc: log fold change; JSD: Jensen—Shannon divergence; TF:
323 transcription factor.

324
325
326

327 Discussion

328 We present PRISM, the first systematic approach for improving polygenic score transferability by integrating
329 large-scale genomic annotations with ancestry- and tissue-aware modeling across the continuum of genetic
330 ancestry. PRISM unifies three complementary strategies in a maximally integrative framework: integration of
331 genomic annotations, multi-ancestry modeling, and incorporation of fine-mapping results. Here, we applied
332 PRISM to the most comprehensive integrative effort to date, combining 7352 fine-mapped variant-trait pairs
333 from MVP with 414 annotations from ENCODE[11,22]. Using transfer learning, we first learned the optimal
334 combination of annotations and then utilized it to prioritize variants in PGS training within the UKB[28]. For
335 individuals of African ancestry, we observed the greatest improvements in predictive performance when using
336 ancestry- and tissue-matched PRISM models. PRISM showed competitive and improved predictive

337 performance for existing PGS approaches[15,20,21]. PRISM also facilitates biological interpretation by

338 highlighting selected variants that show clear annotation support for trait relevance.

339

340 Biologically, PRISM and its empirical applications to the largest-to-date resources highlights several strategic
341 implications for developing equitable polygenic scores. First, we found that no single annotation would be

342 sufficient to enhance the predictive performance, calling for the need of integrative strategies like ours.

343 Second, in combining multiple annotations, we found that biological alignment can outweigh over 100-fold

344 differences in data availability in terms of genetic ancestry and tissue-specificity. In our empirical analysis,

345 ancestry-matched fine-mapping variants were 5.7 times fewer in African source population than that in the

346 European counterpart and tissue-specific models relied on an 17.9-fold smaller number of annotations.

347 Combined, this corresponds to a 102-fold difference in available annotations. Despite this stark contrast,

348 PRISM models that incorporate biologically relevant annotations demonstrated average improvement of 13.1%
349 over the baseline model. These findings have important implications. On the one hand, they underscore the
350 need to expand data collection across diverse genetic ancestries, biosample types, and environmental

351 contexts to develop more comprehensive and representative annotation resources. On the other hand, they
352 offer a pragmatic approach in the meantime: integrating the most biologically relevant available resources can
353 already yield meaningful benefits in predictive accuracy and equity, even before more comprehensive data
354 become available.

355

356 Methodologically, PRISM unifies three complementary strategies to enhance PGS transferability within a

357 maximally integrative framework. First, it enables the incorporation of a variety of annotations, spanning

358 continuous and binary data types, tissue- and cell line-specific biosample coverages, both variant- and

359 element-level features, and sources ranging from experimental assays to large-scale predictive models. These
360 heterogeneous inputs are standardized into annotation scores that guide penalty factor assignment in model
361 training. Second, PRISM supports multi-ancestry training not only across distinct uni-ancestry cohorts but also
362 by incorporating admixed individuals, thereby leveraging additional diversity to improve generalizability. This
363 design makes PRISM broadly applicable across the continuum of genetic ancestry, aligning with the growing
364 recognition that ancestry is not a set of discrete categories[5,21,47]. Third, rather than performing fine-mapping
365 itself, PRISM integrates existing fine-mapping results, providing flexibility to use outputs from different tools
366 while maintaining a consistent framework.

367

368 In our empirical comparison to main existing approaches for PGS transferability, PRISM shows improved and
369 competitive predictive performance for all traits. PRISM consistently outperformed IMPACT, which included a
370 larger number of annotations but was restricted to a single type, predicted transcription factor binding. By

371 incorporating a wider spectrum of annotation that captures broader biological context and explicitly modeling
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372 ancestry, PRISM achieved stronger enhancement in PGS transferability, illustrating no single annotation is
373 sufficient to capture the underlying biology. Relative to SBayesRC-multi, PRISM delivered comparable
374 predictive performance across traits, with the only exception being LDL-C. This difference is likely due to the
375 underlying annotation resources: SBayesRC-multi leveraged baseline-LD v2.2[48-50], which includes
376 FANTOMS5 enhancer annotations previously shown to be strongly enriched for immunological diseases, likely
377 offering more biologically relevant explanatory power for lymphocyte count[51]. Finally, PRISM consistently
378 outperformed PolyPred+, achieving similar annotation-based prioritization without the need for LD reference
379 panels. This is a major advantage when analyzing underrepresented or admixed populations, where
380 appropriate reference panels are often unavailable. Indeed, in our application of PolyPred+, 14.5% genomic
381 regions were excluded from fine-mapping due to the lack of overlapping SNPs across the summary statistics,
382 priors, and LD reference panel. Across all comparisons, PRISM proved more comprehensive than existing
383 approaches and less constrained by data availability.

384

385 The modular design of PRISM allows systematic investigation of ancestry effects across multiple stages of
386 PGS development by modeling four key components: (1) the source population for fine-mapping, (2) the

387 biosample ancestry for annotations, (3) the ancestry of individuals used for PGS model development, and (4)
388 the ancestry of the test set used for evaluation (i.e., the target population). In practice, annotations derived
389 from diverse ancestry groups remain limited[26]. However, we showed that integrating existing available

390 annotations with ancestry-specific fine-mapping results still improved PGS transferability, likely reflecting the
391 shared biology across populations. Moreover, our previous work on iPGS demonstrated that the direct

392 inclusion of minority and admixed individuals can substantially improve predictive performance[18]. Overall,
393 these findings provide practical guidance for optimizing PGS in underrepresented populations utilizing

394 available resources.

395

396 There are several directions for future studies. First, several implementation choices currently rely on

397 empirically motivated heuristics (e.g., variant grouping thresholds and penalty factor assignment); data-driven
398 optimization of the parameters would be helpful. Second, we analyzed traits with one clearly defined primary
399 tissue; future work should incorporate multi-tissue models to capture complex regulatory architectures,

400 potentially through statistical decomposition, pathway-based partitioning, or pleiotropy-informed

401 analysis[52,53]. Third, identifying the most biologically relevant annotations currently requires manual curation;
402 future approaches could leverage metadata-informed selection strategies, combined with small-scale

403 validation, to enhance the broader applicability. Fourth, our study currently focuses on single-trait PGS;

404 extending PRISM to cross-trait and multi-trait settings may improve performance by leveraging shared genetic
405 architecture, particularly for underpowered traits[54—56]. Fifth, this initial application focuses on individuals of
406 African ancestry in the UKB; future studies should expand the application to additional populations, leveraging
407 resources from All of Us, MVP, and other emerging resources[10—-12]. Lastly, PRISM’s modular framework

408 allows integration with other PGS approaches for optimal performance. For instance, the multi-ancestry

409 modeling component could be implemented with PRS-CSx[17] instead of iPGS[18]. Similarly, SNP-level

410 effect-size derivation could be replaced with a Bayesian framework that allows incorporation of multiple

411 priors[57].

412

413 Overall, our results highlight the advantage of integrating biologically relevant genomic annotations to enhance
414 PGS transferability. We demonstrate that ancestry- and tissue-aware integration can outweigh the benefits of
415 100 times larger but less specific annotations. The modular design of PRISM offers a pragmatic strategy for
416 enhancing PGS transferability in underrepresented populations: integrating a potentially smaller amount of the
417 most biologically relevant curated resources can offer immediate benefits while waiting for more

418 comprehensive data collection from diverse populations. We make the coefficients of the PGS models

419 available at the ENCODE portal (https://www.encodeproject.org/), the PGS catalog, and the iPGS Browser

420 (https://ipgs.mit.edu/).

421
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422 Methods

423 Compliance with ethical regulations and informed consent

424 This research has been conducted using the UK Biobank Resource under Application Number 21942,

425 “Integrated models of complex traits in the UK Biobank”

426 (https://www.ukbiobank.ac.uk/enable-your-research/approved-research/integrated-models-of-complex-traits-in-

427 the-uk-biobank). All participants of UK Biobank provided written informed consent (more information is
428 available at https://www.ukbiobank.ac.uk/explore-your-participation/basis-of-your-participation/).

429

430 The study population in UK Biobank

431 UK Biobank is a population-based cohort study with genomic and phenotypic datasets across about 500,000
432 volunteers collected across multiple sites in the United Kingdom[27,28]. We focused on N=406,659 unrelated
433 individuals with genetic data based on the following quality control criteria: (1) used to compute principal

434 components (UKB Data Field 22020); (2) removal of sex mismatch between the sex field in the genotype

435 dataset and phenotype sex (Data Field 31); (3) not reported in “outliers for heterozygosity or missing rate”
436 (Data Field 22027); (4) not reported in "sex chromosome aneuploidy" (Data Field 22019); and (5) do not have
437 ten or more third-degree relatives (Data Field 22021)[53,56,58]. We used a combination of genetic principal
438 components (Data Field 22009) and self-reported ethnic background (Data Field 21000) to define four

439 population groups: white British (WB), non-British white (NBW), African (Afr), and South Asian (SA), and kept
440 the remaining unrelated individuals as Others (Supplementary Table 1)[56]. We used the same training set
441 (70%) for PGS model fitting, validation set (10%) for determining sparsity of PGS models, and test set (20%)
442 for evaluating predictive performance, as described in the previous study[18].

443

444 Variant annotation and quality control in UK Biobank

445 For the UKB resource, we used the directly genotyped dataset (release version 2), imputed genotypes (release
446 version 3), imputed HLA allelotype (release version 2), and GRCh37 human reference genome[27]. We used
447 variant annotation with Ensembl’s Variant Effect Predictor (VEP) (version 101) with the LOFTEE plugin and

448 ClinVar[18,59-62] as in our previous study. We grouped the VEP-predicted consequence of the variants into
449 six groups: protein-truncating variants (PTVs), protein-altering variants (PAVs), proximal coding variants

450 (PCVs), intronic variants (Intronic), genetic variants on untranslated regions (UTR), and other non-coding

451 variants (Others)[63]. We considered “pathogenic” and “likely pathogenic” variant annotations from ClinVar[64].

452

453 We used the same variant-level quality control criteria as in our previous study[18]. For the directly genotyped
454 dataset, we focused on variants passing the following criteria: (1) the missingness of the variant is less than
455 1% given the two genotyping arrays (the UK BiLEVE Axiom array and UKB Axiom array) cover a slightly

456 different set of variants and (2) the Hardy-Weinberg disequilibrium test p-value greater than 1.0x107. For the
457 imputed genotype dataset, we used the following criteria: (1) the missingness of the variant is less than 1%; (2)
458 minor allele frequency (MAF) greater than 0.01%; (3) imputation quality score (INFO score) greater than 0.3;
459 (4) is not present in the directly genotyped dataset; and (5) present in the HapMap Phase 3 dataset[18]. For
460 the HLA allelotype, we kept the imputed allelotype dosage within [0, 0.1), (0.9, 1.1), or (1.9, 2.0] and converted
461 it to hard calls[27,65]. We focused on the HLA allelotype with (1) missingness no more than 1% and (2)

462 Hardy-Weinberg disequilibrium test p-value greater than 1.0x10*. We concatenated all variants and allelotypes
463 into one dataset using PLINK 2.0 (v2.00a3.3LM 3 Jun 2022)[66]. This resulted in a total of 1,316,181 variants
464 considered in the analysis.

465

466 Phenotype definition

467 We focused on four select traits with clear primary tissue to test the utility of tissue-specific annotations in

468 polygenic prediction: blood-lymphocyte count, kidney-eGFR, liver-LDL-C, and lung-FEV,/FVC ratio[36]. We

469 used the race-neutral CKD-EPI (Creatinine-Cystatin C) equation to define eGFR values[67]. Those phenotypes
470 were collected in up to 3 instances: (1) the initial assessment visit (2006—2010), (2) the first repeat assessment
471 visit (2012-2013), and (3) the imaging visit (2014—present). For each individual, we took the median of

472 non-missing values. We show the number of individuals for the four traits in Supplementary Table 1.

473
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474 Genome-wide association analysis and heritability estimation
475 We conducted genome-wide association analysis (GWAS) using PLINK (version 2.00 alpha) as in our previous
476 study[18,66]. Briefly, we used population-specific genotype principal components (PCs) characterized with the
477 randomized algorithm to account for population structure[68]. We included the top 10 genotype PC loadings as
478 well as age, sex, Townsend deprivation index, and genotyping array as covariates using the plink2 command
479 “--glm zs omit-ref no-x-sex log10 hide-covar skip-invalid-pheno cc-residualize firth-fallback”[69]. Approximately
480 10% of UKB participants were genotyped using the UK BIiLEVE Axiom array, while the rest were genotyped
481 using the UKB Axiom array[27]. For genetic variants directly measured on both arrays, we included an "array"
482 indicator variable as a covariate and specified whether the UK BiLEVE Axiom array or the UKB Axiom array
483 was used for genotyping. We conducted separate GWAS for UKB WB and Afr individuals, with training sample
484 sizes varying depending on the specific PGS approach applied (see Methods: Application of existing
485 approaches for PGS transferability). We applied GWAS results estimated in WB individuals to compute
486 SNP-based heritability for each trait, using linkage disequilibrium score regression (LDSC) with 1000 Genomes
487 Phase 3 European-ancestry individuals as the LD reference [6,70].

488

489 Generating continuous cV2F scores

490 We curated fine-mapped variants across 936 traits within the MVP cohort, including 1100 fine-mapped variants
491 from 121,177 individuals of African ancestry and 6552 fine-mapped variants from 449,042 individuals of

492 European ancestry[11]. We curated a total of 414 annotations, of which 272 are tissue-specific

493 (Supplementary Table 5, Data and code availability)[11,22,29-33]. We focused on four tissue categories for
494 tissue-specific annotation: blood (derived from blood tissue and the K562 and GM12878 cell lines), kidney,

495 lung, and liver (including annotations from liver tissue and the HepG2 cell line).

496 To aggregate annotations into variant-level numeric scores, we applied a gradient-boosting model to

497 fine-mapped variants and annotations[34]. The model uses fine-mapped variants with posterior inclusion

498 probability (PIP) > 90% as positive and PIP <1% as negative labels using leave-one-chromosome-out

499 cross-validation. It trains on annotations associated with the GWAS fine-mapped variants, resulting in a

500 continuous cV2F score ranging from 0 to 1[34]. We scored 9,991,229 variants (minor allele count 25)

501 genotyped in 1000 Genomes Europeans using the trained models. We repeated the analysis 10 times,

502 corresponding to the combination of the two source ancestries of fine-mapped results (European and African in
503 MVP) and tissue-specificity of annotations, i.e., all (tissue-non-specific), blood, kidney, lung, and liver

504 (Supplementary Table 6). We used all 414 annotations for tissue-non-specific cV2F models, whereas we

505 used a subset of annotations in tissue-specific cV2F scores (Supplementary Table 7).

506

507 Baseline and PRISM model training
508 To assess the impact of incorporating annotations and fine-mapping results into PGS training, we fit a baseline

509 and PRISM models and compare their predictive performance. We trained PGS on individual-level genetic
510 data in the UKB. Specifically, we used the iPGS approach, a penalized regression directly learned on the
511 individual-level data that minimizes the following loss function[18]:

P
O . 1 l—«a
(yoavaﬁ(A)) = argmlnyg,’y,ﬁ%Hy_yo_ZfV_XBHS_‘_AZyj (Tﬁjz + a|6j‘>
512 Jj=1

513 , where y is the phenotype, Z is the covariates, and X is the genetic predictors. Here, ;/; is the estimated

514 intercept of the regression model, and y, and B are the estimated coefficients for covariates and genetic

515 predictors, respectively. We control the sparsity of the solution via the tuning parameter A, which is optimized
516 on the basis of the predictive performance of the validation set. Covariates include age, sex, Townsend

517 deprivation index, and top 18 genotype PC loadings. We set the elastic net parameter o to 0.99. We grouped
518 variants according to their predicted consequences and genomic annotations and assigned a penalty factor v,

519 to each group. The baseline and PRISM models differ in their penalty factor assignments as described below,
520 based on their biological relevance to our trait of interest. The PRISM models varied by ancestry and tissue
521 specificity, given the type of cV2F score used, resulting in a total of 10 models for each trait (Supplementary
522 Table 8).
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523

524 We used a heuristic to assign penalty factors(Supplementary Table 9). For the baseline model, we assigned
525 penalty factors based solely on predicted consequences. For PRISM models, we additionally considered

526 aggregated annotations to assign penalty factors. We set penalty factor cutoffs differently based on

527 ancestry-specific cV2F scores. For African cV2F scores, we binned the values and assigned lower penalty
528 factors to variants falling within the top 5% bin. For European cV2F scores, we set the cutoff to match the

529 number of variants within the top 5% of the African cV2F scores. The full list of cutoffs can be found in

530 Supplementary Table 6. To ensure consistency across datasets, we used rsIDs to identify and match UKB
531 variants with their assigned continuous cV2F scores. We matched 1,188,579 out of a total of 1,316,181

532 variants. Variants without a continuous cV2F score will be assigned a default penalty factor of 1 unless they
533 meet the criteria based on predicted consequences.

534

535 For LDL-C, we excluded variants within the APOE region due to the known strong genetic influence at this
536 locus and recent proposals of separately modeling polygenic background and strong-acting alleles as in the
537 case for PGS for Alzheimer’s disease[70-74]. Specifically, we excluded rs7412 and nearby variants in LD
538 (r*>.1) (684 variants in chr19:45,176,340-45,447,221). We evaluated PGS predictive performance against
539 non-APOE heritability of the trait[70].

540

541 Evaluating PGS model performance
542 We evaluated the predictive performance (R?) of PRISM and baseline models in African ancestry individuals in

543 the UKB (n=1154 for lymphocyte count, n=1134 for eGFR, n=1078 for FEV,/FVC ratio, and n=1130 for LDL-C)
544 for: (1) genotype-only models, (2) covariate-only models, and (3) full models combining covariates and

545 genotypes. We reported the predictive performance of genotype-only models in the remainder of the main text
546 unless indicated otherwise.

547

548 To quantify the relative improvement of PRISM model predictive performance for each trait, we compared the
549 ancestry- and tissue-matched, the tissue-non-specific, and tissue-mismatched PRISM models each to the
550 baseline model, reporting the percentage increase in R? and R? normalized by estimated trait heritability.

551

552 To quantify the average improvement of the predictive performance of PRISM models over that of the baseline
553 model, we applied ODR, in the form of R%xgisu-R%saseine~0+R2saseine; Where the regression model considers the
554 uncertainties on both variables across the four traits. Specifically, we quantified average improvements for 4
555 PRISM models: (1) ancestry-mismatched, tissue-non-specific PRISM vs baseline, (2) ancestry-matched,

556 tissue-non-specific PRISM vs baseline, (3) ancestry-mismatched, tissue-matched PRISM vs baseline, and (4)
557 ancestry-matched, tissue-matched PRISM vs baseline.

558

559 Application of existing approaches for PGS transferability
560 To evaluate the advantage of PRISM in improving predictive performance, we compared PRISM against three

561 widely used approaches: PolyPred+[20], SBayesRC-multi[21], and IMPACT[15]. Across all methods, we
562 evaluated the performance (R?) in the same held-out set of African ancestry individuals in UKB (n=1154 for
563 lymphocyte count, n=1134 for eGFR, n=1078 for FEV,/FVC ratio, and n=1130 for LDL-C). We outline

564 implementation details below.

565

566 PolyPred+. We ran fine-mapping in unrelated UKB WB individuals (n=270,920) using precomputed priors and
567 an LD reference panel from UKB participants of European ancestry, both provided by the authors via their

568 GitHub repository (https://github.com/omerwe/polyfun)[20]. We restricted our analysis to SNPs (n=1,232,022)

569 present in our analysis cohort with both prior probabilities and LD reference data available. During

570 fine-mapping, up to 14.5% of genomic regions were excluded due to having no overlapping SNPs across

571 summary statistics, priors, and LD reference. In parallel, we estimated tagging effect sizes in UKB Afr

572 individuals (n=4853). Subsequently, we linearly combined them with our fine-mapped effect sizes to construct

573 cross-ancestry PGS for downstream evaluation. We excluded SNPs that lie within the APOE region when
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574 constructing PGS for LDL-C.
575

576 SBayesRC-multi. We first applied single-ancestry SBayesRC on UKB WB (n=270,920) and Afr (n=4246)

577 individuals separately, using annotations and LD reference panel from UKB participants of European ancestry,
578 both provided by the authors via their GitHub repository (https://github.com/zhilizheng/SBayesRC)[21]. The

579 resulting SNP effect sizes were used to construct two separate PGS, based on WB and Afr discovery samples,
580 for a separate Afr validation cohort (n=607). We subsequently considered the optimal linear combination of the
581 two using the same validation set individuals, resulting in a SBayesRC-multi model. We evaluate the predictive
582 performance of the model in the held-out test set of individuals of African ancestry. Because the final step

583 combines polygenic scores rather than SNP-level effect sizes, we excluded SNPs within the APOE region

584 when constructing PGS for the validation cohort.

585

586 IMPACT. We identified the lead annotation for each trait by using the closest trait match reported in

587 Supplementary Table 9 of the IMPACT paper[15]. The specific matched pairs were: lymphocyte count with

588 Lympho, FEV1/FVC ratio with FEV1 FVC Smoke, and LDL-C with LDL. No suitable annotation was found for
589 eGFR. We note that the trait matches are approximate rather than exact, reflecting the closest available

590 counterparts reported. We ran GWAS on UKB WB individuals (n = 270,920) as described above and retained
591 SNPs within the top 5% of lead annotation scores for each trait. We then applied LD clumping in Afr individuals
592 (n=6066) to remove variants in LD with r> > 0.2 with a significance threshold for index SNPs of P = 0.5. We

593 performed thresholding in Afr individuals (n=4853) across a range of p-value cutoffs (0.1, 0.03, 0.01, 0.003,

594 0.001, 3x10*, 1x10%, 3x10°, and 1x107°) to identify the optimal PGS, which was then applied to the evaluation
595 cohort.

596

597 Biological interpretation

598 For biological interpretation, we selected genomic loci and examined associated annotations in tissue- and

599 ancestry-matched PRISM models that may contribute to improved PGS transferability. To select for genomic
600 locus, we propose three criteria: (i. relative effect size) we require the absolute effect size from the tissue- and
601 ancestry-specific PRISM (Brrisv) deviates is greater than five standard deviations, (ii. effect size difference) the
602 absolute value of effect size differences between the baseline and PRISM model (|Berism-Brassiine]) IS greater

603 than 5% of the range of the effect sizes from both models, and (iii. variant prioritization) the variant is prioritized
604 based on its continuous AFR cV2F score ranking in the top 5%. We grouped variants given the combination of
605 these three criteria: Group A variants fulfill all three criteria, Group B variants fulfill either criterion ii or iii, and
606 Group C variants fulfill criterion i. Group D variants fulfill none of the criteria (Fig. 4b-c).

607

608 To examine each annotation's contribution to variant selection in the ancestry- and tissue-matched PRISM
609 model, we quantified their genome-wide and local importance. We used Shapley value to measure the

610 genome-wide importance of each annotation when generating the continuous cV2F scores[34,38]. For local
611 importance, we calculated the Z-score for the annotation value of each variant. The higher the Shapley value
612 and the absolute Z-score, the greater the annotation's influence on variant selection.

613

614 To visualize annotations in genomic contexts, we focused on FEV,/FVC ratio, a lung capacity measurement, as
615 ancestry- and tissue-match PRISM showed the highest improvement in predictive performance (36.51%) for
616 this trait. We examined example loci surrounding rs11853359 and rs7215084, using the UCSC Genome

617 Browser[39]. We defined the visualization windows for rs11853359 and rs7215084 separately, based on LD
618 and MAF thresholds: (r*>0.8, MAF>0.2) for rs11853359 and (r>>0.8, MAF>0.1) for rs7215084. For both LD and
619 MAF, we used the European population from the 1000 Genomes Phase 3 reference panel and applied the

620 following PLINK command: plink --r2 --ld-window 100000000 --ld-window-kb 1000 --Id-window-r2 0.1[6][75].
621 We showed variants in LD (r* > 0.1) with the index variant. We showed PGS coefficients for the ancestry- and
622 tissue-matched PRISM model and the baseline model. We loaded annotation tracks only if signals were

623 present for variants within the defined genomic window. For GTEXx fine-mapping tracks, we showed the binary
624 indicator track showing variants with PIP>50%][21].

625
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