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Supplementary Methods
1. Study resources and analytic logic
This project used a latent-trait genomic framework to connect circulating metabolic architecture with neurodegenerative disease. The analysis began with a single quality-controlled metabolic trait universe, proceeded through lipid and non-lipid factor construction, generated GWAS summary statistics for six latent factors, and then applied a gated downstream workflow for disease comparison, locus refinement, candidate-gene prioritization, single-cell contextualization, virtual knockout, and target annotation. Throughout the workflow, traits used to estimate latent factors were kept separate from traits and resources used only for validation or interpretation.
The primary metabolic GWAS resource was the Estonian Biobank–UK Biobank European meta-analysis release from the Tambets et al. NMR metabolite GWAS. In the local analysis, 249 meta_EUR summary-statistic files were used and mapped to GWAS Catalog accessions GCST90451106–GCST90451354. These files represented circulating metabolic traits measured using the Nightingale Health platform[1,2]. These files correspond to the meta_EUR release of a large NMR metabolite GWAS resource generated from Nightingale Health circulating metabolite measurements in Estonian Biobank and European-ancestry UK Biobank participants. NMR means nuclear magnetic resonance spectroscopy, the metabolomics assay used by the source studies to quantify circulating lipids, lipoprotein subclasses, fatty acids, amino acids, ketone bodies, glycolysis-related metabolites, and related biomarkers. The resource contained 249 circulating metabolic traits, and the source summary-statistic release used in this project carried a reported meta-analysis sample-size label of 599,249.
The external metabolite validation layer used the independent NMR metabolite GWAS by Karjalainen et al. (Nature, 2024), not the same discovery release [3]. The GWAS Catalog accessions used locally were GCST90301941 and related GCST90301941–GCST90302173 files. This external resource profiled 233 circulating metabolic biomarkers in up to 136,016 individuals from 33 cohorts. The validation traits occupied a highly overlapping Nightingale/NMR biochemical space, but the trait list and naming were not identical to the discovery resource. Therefore, external validation was performed through curated exact matches, terminology variants, size-specific proxies, and same-domain support traits rather than assuming that all discovery and validation phenotypes were identical. The external files retained the ancestry composition reported by the source study.
Neurodegenerative disease comparisons used harmonized summary statistics for AD, PD, and LBD. The AD file corresponded to the European Alzheimer & Dementia Biobank stage-I GWAS by Bellenguez et al., including 39,106 clinically diagnosed AD cases, 46,828 proxy-AD cases, and 401,577 controls [4]. The PD file corresponded to the local European-ancestry comparison summary statistics from the multi-ancestry PD GWAS meta-analysis by Kim et al., with 63,555 cases, 17,700 proxy cases, and 1,746,386 controls [5]. The LBD file corresponded to the genome-sequencing association study by Chia et al., with 2,591 cases and 4,027 controls [6].
2. Summary-statistic harmonization and disease GWAS processing
All summary statistics were standardized before cross-trait analyses. The harmonized schema included SNP, CHR, BP, A1, A2, FREQ when available, BETA, SE, P, and N. Records were removed if they had missing or invalid positions, non-standard alleles, non-biallelic allele strings, invalid standard errors, invalid P values, unresolved duplicate SNP identifiers, or chromosome assignments outside autosomes 1-22. Where the source disease file was not already in the target coordinate system, variant annotation was repaired and summary statistics were aligned to GRCh37/hg19 before local locus analyses. Allele harmonization for local analyses allowed direct allele matches, swaps, complements, and complement-swaps; unalignable SNPs were excluded.
Disease GWAS were used as standardized comparison inputs. This mattered because downstream steps required different subsets of harmonized fields: LDSC required munge-compatible SNP, allele, effect, standard-error, P-value, and sample-size fields; MiXeR required SNP, CHR, BP, A1, A2, N, and Z score; coloc and PWCoCo required allele-aligned local SNP tables; and SMR required SMR-compatible summary statistics aligned to the selected eQTL references.
For disease GWAS, the primary sample-size information remained the original case, proxy-case, and control counts reported by each source study. Some downstream tools required a single scalar N column for each case-control GWAS input. For those MiXeR input files, case-control values were converted using the standard effective-sample-size approximation Neff = 4 / (1/Ncase + 1/Ncontrol), with proxy cases added to clinical cases in the local AD and PD comparison files. This yielded AD Neff = 283,145.35, PD Neff = 310,569.95, and LBD Neff = 6,306.41 for MiXeR input preparation only.
3. Metabolic trait universe and LDSC entry criteria
The starting metabolite resource contained 249 NMR-derived circulating metabolic traits from the primary EstBB-UKBB meta_EUR release, not from the external Karjalainen validation atlas. The main modeling universe excluded proportion-only traits and retained traits with robust SNP heritability signal by univariate LDSC [7]. The pre-specified entry rule was SNP heritability Z score greater than 4 (h2 Z > 4). This yielded 112 non-proportion metabolic traits for subsequent multivariable modeling (Supplementary Table S1).
This first threshold was intentionally quantitative and applied before biological factor selection. Trait-level LDSC outputs retained SNP counts after munging and LD-score merge, heritability estimates, standard errors, heritability Z scores, mean chi-square statistics, genomic inflation metrics, LDSC intercepts, and intercept ratios. These outputs serve as the traceable record showing that downstream factor construction started from traits with adequate genome-wide signal rather than from traits chosen only by biological preference.
4. Staged selection of lipid and non-lipid indicators
After defining the shared 112-trait universe, traits were divided into lipid-related and non-lipid candidate panels. The lipid branch was reduced from 112 traits to 94 lipid or lipoprotein-related traits by excluding amino-acid, glycolysis-related, ketone-body, fluid-balance, and inflammatory categories. The non-lipid branch was reduced from the same 112 traits to 18 non-lipid candidates by excluding lipid and lipoprotein groups while retaining amino acids, glycolysis-related metabolites, ketone bodies, fluid-balance traits, and inflammation-related traits.
For the lipid branch, staged reduction proceeded as follows. Stage 3 reduced 94 lipid-related traits to a compact balanced panel of 20 traits, preserving HDL, VLDL/triglyceride, structural lipid, fatty-acid, and bridge-trait representation while preferring cleaner representatives under high genetic-correlation redundancy. The retained 20-trait lipid panel had no pair with absolute genetic correlation greater than 0.95. Stage 4 reduced the 20-trait panel to 10 ultra-pure markers by prioritizing traits with stable primary factor assignment in both full-genome (ALL) and odd-chromosome (ODD) exploratory runs, high absolute loading, a large gap between primary and secondary loadings, and biological interpretability. Stage 5 removed HDL_size and Total_CE because their exclusion improved projected model fit while preserving the three-factor lipid structure, yielding the final lipid 8-trait panel.
For the non-lipid branch, Stage 3 reduced 18 candidates to 15 by preserving amino-acid, ketone-body, glycolysis-related, and bridge-trait representation while removing obvious redundancy or lower-priority support markers (Ala, Ile, and Acetone). Stage 4 reduced the 15-trait set to the final non-lipid 8-trait panel using stable primary loading, loading-gap support, and compact-subset ESEM search. The compact-subset search favored models with comparative fit index at least 0.95 and standardized root mean square residual below 0.08 (CFI >= 0.95, SRMR < 0.1). These thresholds were used as model-quality targets rather than as the only selection rule, because the final panel also needed biological coverage and interpretable factor structure.
[bookmark: _GoBack]The final lipid indicators were M_HDL_TG, VLDL_size, MUFA, S_VLDL_TG, ApoA1, HDL_CE, XS_VLDL_FC, and VLDL_CE. The final non-lipid indicators were Acetoacetate, bOHbutyrate, Val, Leu, Phe, Acetate, Glucose, and Lactate (Supplementary Table S2). The staged selection table records input counts, output counts, selection standards, dropped counts, and notes for each stage (Supplementary Table S3). Thus, the final 8+8 indicators were selected by a documented combination of LDSC eligibility, redundancy control, factor-loading stability, loading-gap support, formal fit targets, and biological interpretability.
5. Multivariable LDSC and factor-model construction
Multivariable LDSC was used to estimate the genetic covariance matrix among retained indicators [7,8]. The final-trait genetic covariance matrix and genetic-correlation matrix are exported as matrix-style supplementary tables to allow direct inspection of the multivariable structure (Supplementary Tables S4-S5). These matrices were the empirical input for exploratory factor analysis, ESEM model selection, and final Genomic SEM models.
During exploratory model construction, covariance structures were inspected in both full-genome and odd-chromosome settings. When a covariance matrix was not strictly positive definite, nearPD() smoothing was applied before exploratory factor analysis or exploratory SEM. Exploratory factor analysis used minimum residual estimation, and promax rotation was used for multi-factor exploratory solutions. Target-rotation ESEM used the salient loading pattern from exploratory runs, with absolute standardized loading of at least 0.25 used to define target loadings for model exploration. Final model evaluation used Genomic SEM usermodel() on retained indicators only [8], with formal fit statistics reported in Supplementary Table S6 and standardized loadings reported in Supplementary Table S7.
The lipid final-8 model produced three latent factors. In the formal Genomic SEM output, the factors were exported as lipid8_F1, lipid8_F2, and lipid8_F3; for manuscript readability, these are referred to by their dominant loading patterns as the TG-rich/VLDL-remodeling axis, HDL-core axis, and cholesteryl-ester/structural lipid axis, respectively. The non-lipid final-8 model produced nonlipid8_F1, nonlipid8_F2, and nonlipid8_F3, referred to as the ketone-body axis, amino-acid axis, and energy-bridge axis. Because the sign of a latent factor is arbitrary, interpretation emphasizes the aligned factor orientation used in the exported GWAS and validation summaries rather than treating raw factor sign as biologically fixed across all modeling stages.
6. Latent factor GWAS generation
Factor GWAS were generated with the local Genomic SEM workflow using GenomicSEM::sumstats() and GenomicSEM::userGWAS() [8]. Indicator GWAS were harmonized as continuous-trait summary statistics, restricted to autosomal biallelic SNPs with standard alleles, and processed through the same LDSC-compatible filtering used in factor construction. The final measurement structures were fixed during userGWAS() so that each SNP effect represented association with the retained latent factor conditional on the final measurement model.
The production factor GWAS were run under the native WSL Genomic SEM pipeline for both lipid and non-lipid final-8 models. Exported factor GWAS files were standardized to SNP, CHR, BP, A1, A2, FREQ, BETA, SE, P, and N. The factor GWAS outputs retained common-factor SNP effects and Q_SNP heterogeneity statistics where available. Q_SNP summaries were later LD-clumped using the 1000 Genomes European reference [11] with P < 5e-8, r2 = 0.1, and kb = 1000 to summarize genome-wide significant factor and heterogeneity loci (Supplementary Tables S19-S22).
Q_SNP was interpreted as a heterogeneity annotation, not as a filter that invalidated a factor. For example, a factor with Q_SNP loci may still represent a coherent shared metabolic axis, but some loci may act partly through indicator-specific biology. Conversely, factors without genome-wide significant Q_SNP signal provide cleaner common-factor summaries. This interpretation is consistent with the role of Q_SNP in Genomic SEM as a test of SNP-level heterogeneity relative to the specified factor structure [8].
7. Effective sample-size estimation for factor GWAS
Latent factor GWAS do not have a single directly inherited sample size, because each factor is an inferred summary of multiple indicator GWAS. We therefore estimated factor-specific effective sample size from the exported summary statistics using the approximation Neff = mean(1 / (2 × MAF × (1 - MAF) × SE2)) across common SNPs with 0.1 <= MAF <= 0.4.
The estimated effective sample sizes were 276,215 for lipid8_F1, 532,584 for lipid8_F2, 236,386 for lipid8_F3, 101,905 for nonlipid8_F1, 123,638 for nonlipid8_F2, and 34,657 for nonlipid8_F3. Median-based values were also retained as a sensitivity summary and were close to the mean estimates (Supplementary Table S8). These effective sample-size values were used in downstream tools requiring a single N column and should be interpreted as analytic effective sample sizes rather than source cohort sizes.
8. Factor GWAS quality assessment
Each exported factor GWAS was re-evaluated with univariate LDSC [7]. The QC metrics included the number of SNPs after munging, SNPs after LD-score merge, SNPs removed by the chi-square filter, SNPs retained after chi-square filtering, mean chi-square, lambda GC, LDSC intercept, intercept standard error, and ratio (Supplementary Table S9). In the final QC table, factor GWAS retained approximately 1.14 million LD-score-matched HapMap3-style SNPs, with mean chi-square statistics ranging from 1.5251 to 2.8491 and intercepts ranging from 1.0241 to 1.1767.
Bivariate LDSC among the six factor GWAS was retained to confirm that exported factors were distinguishable at the summary-statistic level and to quantify within-domain and cross-domain factor relationships after GWAS export (Supplementary Table S10). These factor-factor LDSC results are separate from factor-to-metabolite validation: they address whether latent factor GWAS are genetically distinct from each other.
9. Internal factor-to-metabolite validation
Internal validation tested whether each factor GWAS recaptured the metabolic pattern it was meant to summarize. The validation used two groups of traits. Model indicators were the traits used to construct the final factor models. Same-domain support traits were biologically adjacent traits used only for validation and never for factor estimation.
For the lipid panel, final model indicators were M_HDL_TG, VLDL_size, MUFA, and S_VLDL_TG for the TG-rich/VLDL-remodeling axis; ApoA1 and HDL_CE for the HDL-core axis; and XS_VLDL_FC and VLDL_CE for the cholesteryl-ester/structural lipid axis. Same-domain validation-only support traits were IDL_TG, L_VLDL_TG, M_LDL_TG, and XL_VLDL_TG for the TG-rich/VLDL-remodeling axis; HDL_C, L_HDL_C, M_HDL_C, and XL_HDL_C for the HDL-core axis; and HDL_FC, VLDL_FC, Total_CE, and L_VLDL_CE for the cholesteryl-ester/structural lipid axis.
For the non-lipid panel, final model indicators were Acetoacetate and bOHbutyrate for the ketone-body axis; Val, Leu, and Phe for the amino-acid axis; and Acetate, Glucose, and Lactate for the energy-bridge axis. Validation-only support traits were Acetone for the ketone-body axis; Ala, Gln, His, Ile, and Tyr for the amino-acid axis; and Citrate and GlycA for the energy-bridge axis. Albumin and Creatinine were retained as exploratory bridge support traits, not as final factor indicators.
Bivariate LDSC was run between factor GWAS and the retained indicator/support traits [7], and the results were summarized in compact and full-pair tables (Supplementary Tables S11-S14). Because latent-factor sign is arbitrary, the validation layer emphasized expected domain specificity, magnitude, and sign consistency after aligning each factor to the manuscript-facing orientation.
10. Leave-one-out and external metabolite validation
Leave-one-out sensitivity analyses were used to assess whether factor structure depended excessively on a single retained indicator. One retained trait was removed at a time, and the factor structure was re-estimated in the odd-chromosome exploratory framework using the same model-selection logic. The sensitivity outputs record loading stability, factor recoverability, and whether each axis could still be interpreted after indicator removal (Supplementary Table S15). These analyses were used to evaluate robustness, not to reselect the final model.
External validation used the independent Karjalainen et al. NMR metabolite GWAS atlas [3]. External traits first underwent summary-statistic QC and LDSC quality assessment using the same broad conventions as the primary metabolite validation layer (Supplementary Table S16).  A curated pair-selection table mapped each factor to exact trait matches, close biochemical proxies, or same-domain support traits in the external resource (Supplementary Table S17). Pair-selection labels distinguished external_primary_exact, external_same_domain_support, exact terminology variants, platform/terminology variants, and approximate size-specific proxies. Bivariate LDSC was then run between factor GWAS and selected external traits (Supplementary Table S18). This step tested whether factor GWAS corresponded to recognizable metabolic axes outside the construction pipeline, while avoiding the claim that every primary and external phenotype was an identical repeat measurement.
11. Cross-disease LDSC screening
All six factor GWAS were compared with AD, PD, and LBD in a complete 18-pair LDSC screen using bivariate LDSC [7] (Supplementary Table S23). The output retained covariance estimates, genetic correlations, standard errors, Z statistics, nominal P values, FDR-adjusted P values, and LDSC intercepts. The intercepts were used as an overlap and confounding diagnostic; they were not interpreted as disease biology. Factor-disease branches were taken forward only when the LDSC signal, intercept diagnostics, factor validity, and biological interpretability were coherent enough to justify downstream analysis.
This design preserves negative and lower-priority comparisons in the supplement. In the main manuscript, the interpretation focuses on the three branches supported by the screening framework: HDL-core axis with AD, ketone-body axis with PD, and TG-rich/VLDL-remodeling axis with PD.
12. MiXeR analysis
Bivariate MiXeR was applied to the three focal factor-disease pairs to quantify polygenic overlap beyond LDSC genetic correlation [10]. MiXeR inputs were generated from cleaned factor and disease summary statistics with columns SNP, CHR, BP, A1, A2, N, and Z, where Z = BETA / SE. For latent factor GWAS, N used the factor-specific effective sample sizes estimated from the exported factor summary statistics. For AD, PD, and LBD, N used the case-control effective sample-size values described in Section 2, because MiXeR required a single scalar sample-size value for each case-control input. The input manifest recorded retained and skipped rows for each trait; for example, 7,457,528 SNP rows were retained for each lipid factor, 7,457,441 for each non-lipid factor, 19,678,284 for AD, 7,928,138 for PD, and 5,826,448 for LBD.
MiXeR was run with the official ghcr.io/precimed/gsa-mixer:2.2.1 Docker image, the 1000 Genomes European Phase 3 PLINK reference [11], the 1000G.EUR.QC.prune_maf0p05_rand2M_r2p8.rep1.snps extract file, 1000G.EUR.QC.@.bim, and 1000G.EUR.QC.@.run4.ld. The production fast runs used fit1, fit2, and test2; excluded the MHC region using --exclude-ranges MHC; used 12 threads; and used the fast fitting sequence --fit-sequence diffevo-fast neldermead-fast --diffevo-fast-repeats 2. The retained production run was fast_rep1.
MiXeR summaries were extracted from fitted JSON files by reading point estimates for rg, rho_beta, pi1, pi2, pi12, pi1u, pi2u, dice, nc1, nc2, nc12, and derived overlap proportions. These outputs were merged with the LDSC screen for the same focal pairs (Supplementary Table S25). In interpretation, MiXeR served as a primary overlap-architecture layer because it helps distinguish selective shared architecture from broadly shared polygenicity even when LDSC correlations are modest.
13. Pleiotropy-informed locus discovery
For the three focal branches, pleiotropy-informed conjunctional false discovery rate analyses were used [12] to identify loci jointly associated with the metabolic factor and disease outcome. The workflow treated factor and disease GWAS as paired inputs, ranked variants by conjunctional FDR, and retained loci passing conjFDR < 0.05; false-discovery-rate terminology follows the Benjamini-Hochberg framework [9]. Lead loci and branch-level summaries were generated from the clumped shared-association output and retained with mapped locus information (Supplementary Tables S26-S27). Conjunctional FDR loci were considered shared-association candidates and were not automatically interpreted as single-causal-variant colocalization events.
14. Colocalization and PWCoCo
Regional colocalization was performed with coloc.abf [13]. For each prioritized region, factor and disease summary statistics were subset to the tested interval, merged on SNP identity and position, and allele-harmonized. Factor traits were analyzed as quantitative traits, while disease GWAS were analyzed as case-control traits. The coloc priors used in the local scripts were p1 = 1e-4, p2 = 1e-4, and p12 = 1e-5. Posterior support was summarized with the standard H0-H4 framework, and PP.H4.abf >= 0.80 was treated as strong evidence for a shared local association signal (Supplementary Table S28).
PWCoCo was used as a complementary conditional framework informed by conditional colocalization principles [14] in loci where regional architecture was more complex or where multiple nearby signals could complicate a single-signal coloc interpretation. The PWCoCo layer retained the best-supported conditional factor-disease evidence within prioritized regions and was used to refine local support rather than to replace coloc (Supplementary Table S29). Regions retained in the integrated shared-locus table therefore include both stringent single-signal coloc-supported regions and regions with conditional support from PWCoCo after local architecture was considered (Supplementary Table S30).
15. SNP-to-gene mapping, FUMA, cTWAS, and candidate tiering
SNP-level and locus-level signals were translated into candidate genes through complementary mapping approaches. FUMA was used for positional and regulatory annotation of prioritized loci [15], and outputs were retained in mapping tables rather than treated as a single definitive gene assignment (Supplementary Tables S30-S31). Single-trait cTWAS was performed separately for factor GWAS and disease GWAS [16] using the local brain-expression reference panels available in the project workflow. The cTWAS layer was not run as a joint factor-disease model; instead, branch support was assessed by comparing factor-facing and disease-facing cTWAS-prioritized genes after harmonizing gene symbols and retaining the strongest available model-level evidence for each gene. Overlap between factor and disease cTWAS-supported genes was evaluated at the branch level (Supplementary Table S32).
The candidate-tiering framework integrated locus evidence, mapping support, cTWAS, SMR, single-cell context, KNK testing, and target annotation. Genes with convergent support across multiple layers were assigned higher priority and summarized as core candidates, whereas broader single-layer or lower-confidence candidates were retained in the master tables for transparency (Supplementary Tables S33-S35).
16. SMR analyses
Summary-data-based Mendelian randomization was used as a direction- and context-aware expression-prioritization layer [17]. SMR-ready input files were prepared for focal factor GWAS and disease GWAS and queried against three eQTL resource classes: a bulk-brain cortical meta-eQTL panel, GTEx v8 brain tissues [18], and Bryois brain cell-type eQTL panels [19]. The Bryois cell-type panels included astrocytes, microglia, endothelial cells, excitatory neurons, inhibitory neurons, oligodendrocytes, OPCs/COPs, and pericytes.
Local summarization scripts applied Benjamini-Hochberg false-discovery-rate correction [9] to SMR P values within each output family and retained HEIDI information as a heterogeneity check where available. For branch interpretation, SMR was used to identify genes with compatible factor-facing and disease-facing expression evidence, not to claim that every eQTL-mediated association was independently causal. Summary and core-gene outputs are reported in Supplementary Tables S36-S41.
17. scPagwas projection
Disease-contextual cell mapping was performed with scPagwas [20] using disease-state single-cell or single-nucleus transcriptomic atlases prepared in the local workflow. The AD branch used an MSSM/PsychAD-aligned AD atlas downsampled to 20,000 cells with diagnosis = AD. The two PD branches used an MSSM/PsychAD-aligned PD atlas downsampled to 20,000 cells with PD_status = PD (Supplementary Table S42). The standardized factor GWAS were used as genetic inputs together with the packaged linkage and pathway resources required by scPagwas_main2.
Production scPagwas runs used singlecell = TRUE, celltype = TRUE, and iters_singlecell = 100 [20]. The installed scPagwas environment used KEGG pathway resources for pathway-level follow-up. Cell-type P values were exported by the package and adjusted within analysis using the Benjamini-Hochberg procedure [9]. For significant cell types, pathway-level trait-relevance score analyses related pathway activity to the GWAS-derived trait relevance score across cells, with within-analysis FDR correction. Gene-level PCC outputs exported by scPagwas were retained as supplementary support rather than manually rederived (Supplementary Tables S43-S47).
18. scTenifoldKnk virtual knockout
scTenifoldKnk analyses [21] were restricted to gene-cell combinations supported jointly by upstream genetic prioritization and scPagwas cell-context results. Thus, scTenifoldKnk was not used as an all-gene exploratory screen. For the PD ketone-body branch, LRPAP1, PRMT7, GRK4, and DUS2 were tested in scPagwas-supported PD cell contexts including pericytes, oligodendrocyte precursor cells, and VIP GABAergic cortical interneurons. For the PD TG-rich/VLDL-remodeling branch, TMEM175, DGKQ, LRRC37A2, and ARL17B were tested in PD pericytes. For the AD HDL-core branch, previously generated KNK outputs were retained for the pericyte-centered AD branch and integrated with the same summary framework.
The production KNK scripts used scTenifoldKnk and scTenifoldNet [21]. In the PD lipid branch, the production call used qc = FALSE, nc_nNet = 10, and nc_nCells = min(500, max(200, floor(ncol(data_knk) / 4))), with nCores = 1. Pathway follow-up used KEGG gene sets loaded from the local scPagwas/scTenifold environment. KNK pathway outputs were compared with scPagwas pathway/TRS outputs where matching cell-type pathway tables were available (Supplementary Tables S48-S54). These virtual-knockout results were interpreted as perturbational hypotheses, not as experimental validation.
19. Target annotation and binding/modality screening
Target annotation was performed for the KNK-prioritized core-gene set: ARL17B, DGKQ, DUS2, GRK4, KANSL1, KNOP1, LRPAP1, LRRC37A2, PRMT7, and TMEM175. The annotation combined Open Targets target and disease-knowledge fields [22], DGIdb drug-gene interaction records [23], Human Protein Atlas brain-expression evidence [24], Open Targets interaction/network information [22], chemical-probe evidence, and AlphaFold structure availability [25,26]. The output was organized into target class, AD/PD knowledge-base association, brain-related RNA/protein expression, direct approved-drug evidence, small-molecule or pocket support, chemical-probe support, antibody/surface or subcellular modality support, protein-interaction support, and structural-availability fields (Supplementary Tables S55-S59).
This screen was designed as target-tractability annotation rather than drug-efficacy prediction. Direct approved-drug evidence was distinguished from broader modality support. For example, GRK4 carried direct DGIdb approved-drug interaction evidence in the queried resource, whereas PRMT7 and TMEM175 had small-molecule or probe/modality support without the same level of direct approved-drug evidence.
20. Supportive public disease-state summaries
Processed public disease-state summary resources were queried as a modest supplementary validation layer for prioritized genes. For AD, we used processed CSF proteomic supplementary tables from Binette et al. (Nature Neuroscience, 2024) [27], which compared protein abundance across AD pathology categories and validation cohorts. Coverage of the prioritized genes was limited: only LRPAP1 was detected in the extracted AD proteomic tables, and its available comparisons were not significant in the extracted summaries. For PD, we used the processed transcriptomic meta-signature from van den Hurk et al. (npj Parkinson's Disease, 2022) [28], which summarized gene dysregulation across six patient-derived midbrain-neuron transcriptomic datasets. All 10 KNK-prioritized genes were present in this PD meta-signature, with LRPAP1 showing the strongest dysregulation score among the prioritized genes.
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