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 23 

Abstract 24 

Background 25 

Alzheimer’s disease (AD) is characterized by a genetic architecture dominated by APOE, while pred26 

ictive modeling in clinically enriched cohorts is often driven by neuropsychological and clinical vari27 

ables. This combination limits the interpretability of secondary genetic signals in multimodal frame28 

works. 29 

Methods 30 

We applied a two-stage Korean WES–WGS design across the Alzheimer’s continuum. Candidate lo31 

ci were nominated in a whole-exome sequencing (WES) amnestic mild cognitive impairment (aMC32 

I) cohort (n=346) and evaluated in an independent whole-genome sequencing (WGS) cohort (n=933 

95) with epidemiologic and neuropsychological variables. Gradient-boosted decision trees (XGBoos34 

t) were evaluated using a common stratified five-fold cross-validation scheme with pooled out-of-35 

fold (OOF) predictions. Preprocessing and one-hot encoding were fitted within each training fold o36 

nly. Identifier/linkage fields were excluded before modeling, and a redundant categorical age-band 37 

variable was removed. Feature attribution and APOE sensitivity analyses were used for descriptive 38 

model interpretation. 39 
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Results 40 

The full clinical–genomic model showed near-perfect internal discrimination (AUROC 0.998; 95% CI 41 

0.996–0.999) but included diagnostic-proximal clinical and neuropsychological variables and was th42 

erefore interpreted as an upper-bound clinical separability model rather than evidence of prospect43 

ive predictive utility. In the strict leakage-reduced sensitivity analysis, AUROC decreased to 0.713 (944 

5% CI 0.682–0.745) and decreased further to 0.625 (95% CI 0.589–0.658) after removal of rs429358 45 

and APOE proxy information. The five-SNP model had modest discrimination (AUROC 0.637; 95% 46 

CI 0.605–0.670), whereas the Non-APOE SNP-only model was weak (AUROC 0.533; 95% CI 0.497–0.47 

568). In fold-wise validation permutation analysis of the strict model, Test_Age ranked first overall 48 

and rs429358 was the highest-ranking genetic feature; the Non-APOE candidates had small or nea49 

r-zero mean AUROC decreases after permutation. 50 

Conclusions 51 

This study presents a Korean WES–WGS exploratory clinical–genomic candidate-evaluation framew52 

ork. The findings indicate that high multimodal discrimination in clinically enriched AD datasets ca53 

n reflect diagnostic-proximal clinical separability, while Non-APOE candidate variants should be int54 

erpreted as hypothesis-generating model features rather than confirmed susceptibility loci, indepe55 

ndent predictors, or causal variants. A second independent Korean cohort with harmonized candid56 

ate genotypes and comparable clinical and neuropsychological variables was not available within t57 

he present study, precluding direct external replication, and the WES and WGS stages used differe58 
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nt clinical endpoints. 59 

 60 

Keywords: Alzheimer’s disease; amnestic mild cognitive impairment; APOE; whole-exome sequ61 

encing; whole-genome sequencing; XGBoost; clinical–genomic modeling; out-of-fold validatio62 

n. 63 

Background 64 

Alzheimer’s disease (AD) is a complex neurodegenerative disorder with a heterogeneous genet65 

ic architecture. Genome-wide association studies have identified multiple susceptibility loci; howev66 

er, most variants have modest effect sizes, and their contributions are often overshadowed by the 67 

dominant influence of APOE [1, 2]. APOE ε4 remains the strongest common genetic risk factor for 68 

late-onset AD and can obscure secondary genetic effects in both association and predictive model69 

ing contexts [3].  70 

In clinically characterized cohorts, the challenge is further compounded by the presence of neu71 

ropsychological and biomarker variables that are proximal to diagnostic labeling. These features fr72 

equently dominate predictive performance, making it difficult to interpret weaker genomic contrib73 

utions. As a result, high classification accuracy in multimodal models does not necessarily reflect i74 

ndependent genetic signal strength.  75 
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Recent advances in machine learning provide tools for integrating heterogeneous data and for int76 

erpreting feature contributions within complex models [4, 5]. However, genome-wide modeling in 77 

moderately sized cohorts remains underpowered and prone to overfitting, particularly when interp78 

retability is required. Under these conditions, candidate-based approaches combined with interpre79 

table modeling offer a practical alternative.  80 

In addition, emerging evidence indicates that genetic effects related to cognition may extend acro81 

ss neurodegenerative contexts rather than mapping exclusively to a single diagnostic category [6, 82 

7]. This supports an exploratory framework in which candidate variants are evaluated as potential 83 

contributors to cognitive vulnerability, while avoiding disease-specific causal claims without extern84 

al replication. However, most existing studies do not explicitly integrate functional genomic annot85 

ations when interpreting genetic contributions within clinically dominant predictive models. 86 

In this study, we used a two-stage Korean WES–WGS design across the Alzheimer’s continuum. Ca87 

ndidate loci were nominated in a WES-based aMCI cohort and evaluated in an independent Korea88 

n WGS cohort from the Korea National Institute of Health (KNIH), which included detailed epidem89 

iologic and neuropsychological variables [8]. We applied interpretable machine learning and APOE 90 

sensitivity analyses to assess whether exploratory Non-APOE candidate features retained model re91 

liance after reducing APOE-driven attribution. Our objective was not to establish novel AD suscept92 

ibility loci, but to evaluate how WES-nominated exploratory candidate variants behave within clini93 

cally integrated WGS modeling frameworks and to separate model reliance from genetic associati94 
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on or causal interpretation. 95 

 96 

Methods 97 

Study design and cohorts 98 

We used a two-stage design across the Alzheimer’s continuum (Figure 1). Candidate loci were no99 

minated in a Korean WES case–control cohort comparing aMCI and cognitively normal controls. C100 

andidate loci were then evaluated in an independent Korean WGS cohort, which includes Alzheime101 

r’s diagnosis labels and detailed epidemiologic and neuropsychological variables. All genomic coor102 

dinates and variant extraction were performed using GRCh38. 103 

 104 

WES candidate-nomination cohort 105 

The WES candidate-nomination cohort included 346 Korean participants, comprising 263 individua106 

ls with aMCI and 83 cognitively normal controls, recruited at Soonchunhyang University Bucheon H107 

ospital (January 2020–July 2021). Participants with documented family relationships were excluded 108 

based on internal recruitment and clinical records. Therefore, WES candidate-variant analyses were 109 

conducted under an unrelated-participant framework and interpreted as exploratory screening rath110 

er than family-based association testing. Demographic and cognitive characteristics are summarize111 
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d (Table 1). Written informed consent was obtained, and the study was approved by the institution112 

al review board in accordance with the Declaration of Helsinki. 113 

 114 

Independent WGS evaluation cohort 115 

The WGS Alzheimer cohort was obtained from the Korea National Institute of Health (KNIH) Clinic116 

al & Omics Data Archive (CODA). In the GARD clinical metadata, Diagnose=1 corresponded to clin117 

ically diagnosed Alzheimer’s disease and Diagnose=0 to control status. It included 995 participants 118 

with epidemiologic and neuropsychological variables and a binary phenotype variable, Diagnose (0119 

=control, 1=Alzheimer’s disease). For the WGS clinical–genomic evaluation cohort, participants wit120 

h documented family relationships were excluded based on the clinical epidemiologic registry. Acc121 

ordingly, WGS analyses were conducted under an unrelated-participant framework. Because this c122 

ohort was used as an independent clinical–genomic evaluation cohort rather than a family-based a123 

ssociation cohort, no additional family-based modeling was applied.  124 

 125 

Candidate-based strategy and claim boundaries 126 

Given the modest sample size of the WES candidate-nomination cohort relative to the exome-wid127 

e variant space, this study did not train a genome-wide machine-learning model for de novo varia128 

nt discovery. Instead, WES screening was used to nominate a small set of exploratory candidate va129 
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riants, which were then evaluated in the independent WGS cohort within predefined clinical–geno130 

mic modeling frameworks.  This design was intended for hypothesis generation and model-based 131 

candidate evaluation rather than genome-wide association discovery, causal inference, or confirma132 

tion of AD susceptibility loci. The rationale and claim boundaries for each candidate variant are su133 

mmarized in Supplementary Table S12. Sample sizes were determined by the available cohorts rat134 

her than by an a priori power calculation. Given the modest WES cohort size relative to the exome135 

-wide variant space, WES findings were therefore treated as exploratory candidate nominations an136 

d not as definitive genetic association evidence. 137 

 138 

WES processing and association testing 139 

We performed sequencing and variant calling on GRCh38 (BWA-MEM (BWA RRID:SCR_010910) an140 

d GATK 4.1.0.0 (RRID:SCR_001876)) [9, 10]. Candidate-level PLINK analyses were conducted using P141 

LINK (RRID:SCR_001757) and the available PLINK-formatted genotype dataset, in which all five vari142 

ants carried forward for WGS evaluation were present. The unfiltered PLINK BIM file contained 142,143 

740 variant entries. After genotype-level quality control using --mind 0.10, --geno 0.10, --maf 0.01, 144 

and --hwe 1e-6, the QC-filtered candidate-level analytic dataset included 332 samples and 53,858 145 

variants. All five carried-forward candidate variants passed these QC thresholds. Across these five v146 

ariants, minor allele frequencies ranged from 0.0661 to 0.4189, Hardy–Weinberg equilibrium P valu147 

es ranged from 0.0644 to 0.8937, and genotype call rates ranged from 97.08% to 97.37%. A summ148 
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ary of candidate screening and PLINK genotype quality-control metrics is provided in Supplement149 

ary Table S13. 150 

Separately, the annotated WES screening table used for candidate review contained 5,215 unique v151 

ariant records, including 4,753 variants annotated as PASS. The annotated screening table and the 152 

PLINK genotype matrix represented different downstream data objects. The screening table was us153 

ed for exploratory candidate nomination and was not treated as a formal exome-wide association 154 

scan. Candidate selection was therefore interpreted as exploratory nomination rather than genome155 

-wide discovery, and no candidate variant was interpreted as exome-wide significant, independentl156 

y associated, causal, or confirmed as an Alzheimer’s disease susceptibility locus. 157 

Additive models were prespecified as the primary candidate-level comparison, whereas dominant, r158 

ecessive, and genotypic models were reported as sensitivity analyses. Because the WES candidate-159 

nomination cohort showed an age difference between aMCI cases and cognitively normal controls, 160 

candidate-variant associations were additionally evaluated using covariate-adjusted logistic regress161 

ion. For Non-APOE candidate variants, the primary adjusted model included age, sex, and APOE ε4 162 

carrier status. APOE-region variants were analyzed separately using age and sex adjustment, becau163 

se APOE ε4 carrier status is partly determined by APOE genotype and may introduce collinearity. F164 

or the candidate-panel analysis, Benjamini–Hochberg FDR- and Bonferroni-adjusted P values were 165 

calculated across the five primary additive candidate-variant tests.  166 

The five carried-forward SNPs were PEMT rs7946, XRCC1 rs25489, APOE rs440446, APOE rs429358, 167 
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and NKPD1 rs28469095. External reference-projected ancestry principal components were not avail168 

able for the WES cohort; therefore, residual population structure could not be fully excluded and w169 

as acknowledged as a limitation. As an additional internal sensitivity analysis, genotype-derived pri170 

ncipal components were calculated from QC-filtered, LD-pruned autosomal WES variants after excl171 

uding the APOE-region and candidate loci [11, 12].  PCA was performed using 26,479 LD-pruned v172 

ariants with a total genotyping rate of 0.9957. The first five internal WES principal components wer173 

e then added to candidate-level logistic regression models. For Non-APOE candidate variants, the 174 

PC-adjusted models included SNP dosage, age, sex, APOE ε4 carrier status, and PC1–PC5. APOE-re175 

gion variants were analyzed using SNP dosage, age, sex, and PC1–PC5 to avoid collinearity with A176 

POE ε4 carrier status. These analyses were interpreted as internal population-structure sensitivity a177 

nalyses rather than external ancestry validation. 178 

 179 

Functional annotation of candidate variants 180 

To provide biological context for exploratory variants, we performed post hoc in silico annotation 181 

using public functional genomics and clinical genetics resources. Variant consequences and genom182 

ic coordinates were obtained using GRCh38-based Ensembl Variant Effect Predictor annotation  (R183 

RID:SCR_007931) [13]. Gene expression and single-tissue eQTL evidence were queried using GTEx r184 

esources (GTEx project RRID:SCR_013042; GTEx eQTL Browser RRID:SCR_001618), focusing on brain 185 

tissues and whole blood [14]. Clinical interpretation was assessed using ClinVar (RRID:SCR_006169) 186 
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[15], and external AD genetic context was assessed by comparison with large-scale AD GWAS findi187 

ngs and public variant-to-gene resources [16, 17]. These annotations were not used in model train188 

ing, association testing, or candidate selection and were incorporated only as post hoc biological c189 

ontext. 190 

 191 

Genotype extraction and feature construction 192 

We extracted genotypes at the five target loci from WGS-derived site VCFs and encoded genotype193 

s as alternate-allele dosage: 0/0→0, 0/1 or 1/0→1, 1/1→2. Dosage features were merged with the 194 

epidemiologic/neuropsychological table by subject ID. ID and FAMILY_ID were linkage identifiers i195 

n the analytic export and were excluded before model fitting; PNTTM was also excluded as a non-196 

predictive procedural field. Age denotes age at Alzheimer’s disease diagnosis, whereas Test_Age d197 

enotes age at neuropsychological testing. Ages is a categorical five-year age-band variable derived 198 

from Test_Age and was excluded from all model configurations to avoid redundant age encoding. 199 

Clinical variables were processed using the codebook mapping, and sentinel values (e.g., 66666/77200 

777/99999) were treated as missing before modeling [11, 12, 18]. Missing values were not imputed 201 

and were handled natively by XGBoost, which allows sparse-aware split finding. 202 

 203 

Machine learning and evaluation 204 
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We modeled the binary Diagnose phenotype in the Alzheimer WGS cohort (0 = control, 1 = Alzhe205 

imer’s disease) using gradient-boosted decision trees (XGBoost). XGBoost fits an ensemble of shall206 

ow trees sequentially, where each tree reduces the residual error of the current ensemble [4, 19]. 207 

𝐹(ݔ) =∑ ௞݂௄
௞=1

,(ݔ) ̂݌ =  208 ((ݔ)𝐹)ߪ

(where ௞݂ is the k-th tree and ߪ is the logistic function) 209 

The framework can capture non-linear relationships and higher-order interactions between epidem210 

iologic/neuropsychological variables and genotype dosage features without specifying parametric i211 

nteraction terms. Clinical variables were taken from codebook-guided preprocessing, and genotyp212 

e features were encoded as alternate-allele dosage (0/1/2) from WGS site-level VCFs for the candi213 

date panel (rs7946, rs25489, rs440446, rs429358, rs28469095). Primary WGS performance evaluatio214 

n used stratified five-fold cross-validation across the full WGS evaluation cohort to generate one O215 

OF prediction for each participant. The same fold assignments were used for all prespecified mode216 

l configurations. Within every fold, preprocessing and one-hot encoding were fitted only on the fo217 

ur training folds and then applied to the corresponding validation fold. The XGBoost configuration 218 

was fixed before OOF evaluation and was not optimized using validation-fold outcomes. Pooled O219 

OF predictions were used to calculate AUROC, AUPRC, accuracy, balanced accuracy, sensitivity, spe220 

cificity, Brier score, and confusion matrices. Classification metrics used a prespecified probability th221 

reshold of 0.50. AUROC and AUPRC 95% confidence intervals were estimated from the pooled OO222 
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F predictions using 2,000 class-stratified nonparametric bootstrap resamples and percentile 2.5th a223 

nd 97.5th limits. These estimates represent internal cross-validated performance and are not exter224 

nal or prospective validation. 225 

 226 

To address potential diagnostic reconstruction, we additionally built a strict leakage-reduced mode227 

l. This model excluded amyloid PET, CDR and CDR-SB-related variables, MMSE total score, MMSE i228 

tem-level variables q01–q19, SVLT, RCFT, SNSB domain scores, memory-domain variables, ADL or f229 

unctional assessment variables, and broader neuropsychological test-derived variables including St230 

roop, TMT, COWAT, DSC, CDT, digit span, naming, praxis, calculation, and related cognitive test sc231 

ores. The retained feature set included candidate SNP dosages, demographic variables, education-232 

related variables, sex, job, handgrip, and APOE proxy information when applicable. The categorical 233 

age-band variable Ages was excluded as redundant. We also evaluated a stricter APOE sensitivity 234 

model removing rs429358 and APOE proxy information, as well as a Non-APOE SNP-only model. 235 

 236 

APOE sensitivity and interpretation 237 

Because APOE rs429358 is a major APOE-region marker indexing APOE ε4-related Alzheimer’s dise238 

ase risk [3, 20], we refit sensitivity models excluding rs429358 and reassessed feature attribution a239 

mong the remaining clinical and candidate genetic variables. These sensitivity analyses were desig240 
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ned to evaluate whether Non-APOE candidate variants retained descriptive model reliance after re241 

ducing APOE-driven attribution [21]. No variant-specific interaction terms were included in the pri242 

mary models. Feature attribution results from these analyses were interpreted as descriptive mode243 

l-reliance measures and not as evidence of independent genetic association, causality, or biologica244 

l mechanism [5, 21]. 245 

 246 

Linkage disequilibrium assessment 247 

To evaluate whether candidate signals near the APOE locus reflect independent effects or linkage 248 

disequilibrium (LD) tagging, we estimated pairwise LD among the candidate variants and, when ap249 

plicable, an expanded AD GWAS SNP panel within the WGS Alzheimer cohort. Genotypes were en250 

coded as alternate-allele dosage (0, 1, 2) per variant and sample [11, 18]. We computed r² as the p251 

rimary LD metric because it directly reflects correlation between alleles and is most interpretable f252 

or tagging in association/prediction contexts [22, 23]. Pairwise r² was calculated using cohort-deriv253 

ed dosages after excluding samples with missing genotypes for the corresponding SNP pair (pairw254 

ise complete observations).  255 

2ݎ = (corr(݃௔, ݃௕))2

 256 

Here, g_a and g_b denote genotype-dosage vectors for SNPs a and b, respectively. For reporting n257 

ear APOE, we focused on key pairs involving rs429358 and rs7412, as well as nearby candidates su258 
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ch as NKPD1 rs28469095. LD estimates from external reference resources, including LDlink/LDpair, 259 

were used only as supportive context, whereas the main interpretation relied on cohort-derived LD 260 

estimates [24]. 261 

 262 

Feature attribution 263 

To quantify feature contributions within multivariable prediction models, we used three compleme264 

ntary attribution measures. Gain, defined as XGBoost “gain,” summarizes the improvement in the t265 

raining objective attributable to splits on a feature across all trees; relative gain was calculated as f266 

eature-level gain normalized by total model gain [4].  267 

rel_gain௝ = gain௝∑ gain௠௠  268 

Permutation importance is computed within each outer validation fold as the decrease in AUROC a269 

fter random permutation of one raw input feature while all other features remain fixed [21, 25]. Th270 

e preprocessing pipeline and XGBoost model used for each permutation analysis are fitted only on 271 

the corresponding training folds. For the strict leakage-reduced model, validation-fold permutation 272 

estimates are aggregated across the five folds and repeated permutations to summarize mean and 273 

standard deviation of AUROC decrease. This analysis is interpreted as out-of-sample model relianc274 

e under the observed cohort distribution, not as a genetic association effect estimate [21]. 275 
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Δܥܷܣ௝ = ܥܷܣ
orig

− ܥܷܣ
perm(௝) 276 

SHAP values were estimated using TreeExplainer from SHAP (RRID:SCR_021362) and summarized a277 

s mean absolute SHAP values per feature, with relative SHAP values reported only for comparison 278 

across model configurations [5]. Feature attribution analyses were interpreted as descriptive model279 

-reliance measures rather than evidence of genetic association, causality, or biological mechanism. 280 

Genetic association evidence was evaluated separately using WES logistic regression, whereas biol281 

ogical relevance was assessed only as post hoc functional context. Because relative gain and relati282 

ve SHAP values can be affected by the total attribution denominator, especially after exclusion of d283 

ominant features such as APOE rs429358, these measures were not interpreted as effect sizes or a284 

s evidence of independent predictive utility [5, 21].  285 

௝ܫ = ॱ(|߶௝|)∑ ॱ௠ (|߶௠|) 286 

Model configurations are summarized in Supplementary Table S4. The raw feature inventory and e287 

xplicit exclusions are provided in Supplementary Table S5. Interaction-containing exploratory mod288 

el configurations were not part of the prespecified primary analyses and were not used for candid289 

ate nomination, association inference, biological interpretation, or the primary reported results. Th290 

ey are presented only as supplementary descriptive analyses of feature-ranking stability (Table S9). 291 

Analyses were performed using Python 3.13.9 (RRID:SCR_008394), XGBoost 3.2.0 (RRID:SCR_02136292 

1), scikit-learn 1.8.0 (RRID:SCR_002577), NumPy 2.2.6 (RRID:SCR_008633), and pandas 2.3.3 (RRID:S293 
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CR_018214), with a fixed random seed 42. The same fixed XGBoost configuration was applied acro294 

ss OOF folds and prespecified model configurations. As a separate sensitivity analysis distinguishin295 

g candidate-level association from model attribution in the WGS evaluation cohort, we performed 296 

covariate-adjusted logistic regression for the five carried-forward variants. For Non-APOE candidat297 

e variants, models included SNP dosage, Age (age at diagnosis), sex, and APOE rs429358 dosage. 298 

APOE-region variants were analyzed using SNP dosage, Age (age at diagnosis), and sex. Benjamini299 

–Hochberg FDR and Bonferroni-adjusted P values were calculated across the five WGS candidate-300 

variant tests [26]. These analyses were interpreted as exploratory candidate-level sensitivity analys301 

es and not as validation of genetic association, causality, or clinical utility. 302 

 303 

Results 304 

WES screening nominates exploratory candidate variants for downstream evaluation 305 

The WES cohort showed clinical differences between aMCI cases and cognitively normal controls, i306 

ncluding older age, lower cognitive performance, and higher APOE ε4 carrier frequency in the aM307 

CI group. Several loci showed nominal evidence of association in the initial WES screening and we308 

re carried forward for exploratory evaluation in the independent WGS clinical–genomic evaluation 309 

cohort (Table 2). Secondary inheritance-model sensitivity analyses are provided in Supplementary T310 

ables S1–S3; primary candidate-level inference was based on the age-adjusted additive models wit311 
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h candidate-panel multiple-testing correction reported in Supplementary Table S10. In covariate-a312 

djusted sensitivity analyses, PEMT rs7946 and XRCC1 rs25489 were attenuated after adjustment for 313 

age, sex, and APOE ε4 carrier status. NKPD1 rs28469095 retained nominal evidence after covariate 314 

adjustment but did not survive candidate-panel multiple-testing correction (Supplementary Table S315 

10) [26]. APOE rs429358 showed the expected APOE-region positive-control signal [3, 20]. Therefo316 

re, the WES candidate variants were interpreted as exploratory signals rather than confirmed AD s317 

usceptibility loci [16]. The PLINK genotype dataset contained 142,740 BIM variant entries before fil318 

tering and 53,858 variants after standard PLINK quality control. However, the WES stage was not tr319 

eated as a formal exome-wide discovery analysis; candidate findings were interpreted conservative320 

ly and evaluated using candidate-panel correction in Supplementary Table S10. Additional sensitivi321 

ty analyses including the first five internal WES genotype-derived principal components did not alt322 

er the conservative interpretation of the candidate variants. PEMT rs7946 and NKPD1 rs28469095 s323 

howed borderline nominal evidence after PC adjustment, whereas XRCC1 rs25489 was attenuated; 324 

however, no candidate variant survived candidate-panel FDR or Bonferroni correction (Supplement325 

ary Table S14). These findings further supported interpretation of the WES signals as exploratory c326 

andidate nominations rather than corrected susceptibility loci. 327 

 328 

WGS cohort enables integrated clinical–genomic modeling 329 

The independent WGS cohort (n=995; 509 AD, 486 controls) enabled integration of genotype, epi330 
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demiologic, and neuropsychological variables. Genotypes at the nominated loci were encoded as d331 

osage and merged with clinical features to construct a combined dataset. This stage serves as an i332 

ntegration layer, allowing evaluation of candidate variants within a clinically informed predictive fra333 

mework rather than as isolated associations. The model configurations and pooled five-fold OOF p334 

erformance metrics are summarized in Table 3. The feature composition of the combined model is 335 

summarized in Table 5. 336 

 337 

Clinical variables dominate predictive performance 338 

The full clinical–genomic model showed near-perfect pooled OOF discrimination (AUROC 0.998; 9339 

5% CI 0.996–0.999; AUPRC 0.998; 95% CI 0.996–0.999), but this model included diagnostic-proxima340 

l variables and was therefore interpreted as an upper-bound clinical separability model rather than 341 

evidence of prospective predictive utility. Accuracy was 0.981 at the prespecified 0.50 threshold. Th342 

e common OOF pipeline excluded identifier fields and the redundant age-band variable before fea343 

ture construction, and all preprocessing was fitted within training folds only. 344 

To address potential diagnostic reconstruction, we performed a strict leakage-reduced sensitivity a345 

nalysis excluding amyloid PET, CDR-related variables, MMSE total and item-level variables q01–q1346 

9, SVLT, RCFT, broader neuropsychological test scores, memory-domain variables, and functional a347 

ssessment variables. Under the strict leakage-reduced feature set, AUROC decreased to 0.713 (95% 348 
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CI 0.682–0.745; AUPRC 0.723, 95% CI 0.686–0.758). After additional removal of rs429358 and APOE 349 

proxy information, AUROC decreased to 0.625 (95% CI 0.589–0.658; AUPRC 0.623, 95% CI 0.589–0.350 

659). The five-SNP model showed modest discrimination (AUROC 0.637; 95% CI 0.605–0.670), whe351 

reas the Non-APOE SNP-only model showed weak discrimination (AUROC 0.533; 95% CI 0.497–0.5352 

68). These comparisons used identical OOF fold assignments across model configurations. 353 

 354 

Feature attribution describes model reliance within clinical–genomic models 355 

In the strict leakage-reduced model, primary attribution was summarized using permutation impor356 

tance calculated only on outer validation folds (Figure 5; Table 4; full feature-level results in Suppl357 

ementary Table S11). Test_Age ranked first overall (mean AUROC decrease 0.0863), followed by rs4358 

29358 (0.0759), YearsOfEducation (0.0353), APOE (0.0346), and Age (0.0267). Among Non-APOE ca359 

ndidates, rs25489 and rs7946 had small mean decreases (0.00230 and 0.00207, respectively), where360 

as rs28469095 was near zero (−0.00032). Attribution was interpreted as descriptive model reliance 361 

rather than evidence of independent genetic association, biological mechanism, or causality [5, 21]. 362 

APOE-region signals were interpreted in the context of established APOE risk, whereas PEMT rs794363 

6, XRCC1 rs25489, and NKPD1 rs28469095 remained exploratory Non-APOE model features only. C364 

ovariate-adjusted WGS logistic regression was reported separately to distinguish candidate-level a365 

ssociation from model attribution. 366 
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 367 

Functional annotation provides post hoc biological context 368 

To assess whether the exploratory candidate variants had post hoc biological context, we annotate369 

d the five candidate variants using GRCh38-based variant consequences, GTEx single-tissue eQTL r370 

esources, ClinVar annotations, in silico variant-effect predictions, and external Alzheimer’s disease g371 

enetic evidence (Tables S8A-S8B). Four candidate variants were consistently represented by missen372 

se consequences in the functional annotation summary (PEMT rs7946, XRCC1 rs25489, APOE rs429373 

358, and NKPD1 rs28469095). APOE-region rs440446 showed transcript-dependent VEP consequen374 

ces. Its overall most severe VEP consequence was missense_variant, arising from an alternative AP375 

OE transcript (ENST00000434152; C>G, p.Asn14Lys), whereas the APOE MANE Select transcript (EN376 

ST00000252486/NM_000041.4) was annotated as intron_variant; 5′ UTR consequences were presen377 

t for other alternative transcripts (Table S8A). 378 

PEMT rs7946 was located outside the APOE region and showed minimal LD with rs429358, suppor379 

ting its interpretation as a Non-APOE candidate in this dataset, although this does not establish bi380 

ological or causal independence from APOE-related pathways (Figure 4; Table S6; Table S8A). No s381 

ignificant brain-tissue eQTL was detected for rs7946 in the GTEx significant single-tissue eQTL look382 

up performed in this study; therefore, rs7946 was not interpreted as a confirmed regulatory varian383 

t (Table S8B). PEMT participates in phosphatidylcholine biosynthesis and phospholipid homeostasi384 

s, which are relevant to membrane lipid metabolism and are biologically adjacent to APOE-mediat385 
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ed lipid transport pathways in the central nervous system [27, 28]. Variant-level annotation provide386 

d post hoc functional context for PEMT rs7946, but in silico prediction scores were not interpreted 387 

as evidence of pathogenicity, causality, regulatory function, APOE independence, or independent A388 

lzheimer’s disease association. These annotations were used only as post hoc biological context fo389 

r cautious follow-up consideration within the exploratory candidate framework and did not establi390 

sh rs7946 as a confirmed regulatory, causal, independently associated, or independently predictive 391 

Alzheimer’s disease variant (Table S8B). 392 

XRCC1 rs25489 was annotated as a missense variant in a DNA repair gene (Table S8A). Although D393 

NA repair and oxidative-stress pathways are broadly relevant to neuronal aging and neurodegener394 

ation, rs25489 was interpreted as an exploratory candidate because its WES association was attenu395 

ated after covariate adjustment and its WGS model attribution was limited (Figure 5; Table 4; Tabl396 

es S8A-S8B). APOE rs429358 served as the expected dominant Alzheimer’s disease genetic signal a397 

nd positive-control locus, consistent with the established role of APOE ε4 in late-onset Alzheimer’s 398 

disease risk [3]. rs440446 was interpreted as an APOE-region marker requiring cautious interpretati399 

on because of local LD and potential tagging effects, whereas NKPD1 rs28469095 was interpreted 400 

cautiously despite its missense annotation because its WES evidence did not survive multiple-testi401 

ng correction and its WGS model attribution was near zero (Figure 5; Table 4; Tables S8A-S8B). Co402 

mparison with large-scale Alzheimer’s disease GWAS findings showed that APOE is repeatedly esta403 

blished as the dominant common genetic risk locus, whereas PEMT rs7946 has not been consisten404 
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tly reported as a primary Alzheimer’s disease GWAS locus [29]. This supports interpretation of rs79405 

46 as a secondary, context-dependent exploratory candidate finding rather than a confirmed susce406 

ptibility locus. Additional variant-to-gene resources were used as external context, but did not alte407 

r the conservative interpretation that rs7946 should be treated as a non-primary Alzheimer’s disea408 

se candidate requiring replication and functional validation (Table S8B). 409 

No candidate variant had a ClinVar annotation indicating established Alzheimer’s disease pathoge410 

nicity, further supporting conservative interpretation (Table S8B). Overall, the integrated framewor411 

k combining model attribution, LD structure, allele-frequency comparison, and functional annotatio412 

n supports considering PEMT rs7946 as one of several hypothesis-generating Non-APOE candidate413 

s for follow-up study, but not as a confirmed causal, independently associated, or independently p414 

redictive Alzheimer’s disease variant (Figure S1; Table S8A-S8B). 415 

 416 

LD analysis provides structural context for APOE-region and Non-APOE candidates 417 

LD analysis showed minimal correlation between PEMT rs7946 and APOE-region variants, providin418 

g structural context for interpreting PEMT rs7946 separately from APOE-region markers, although L419 

D patterns alone cannot establish statistical or biological independence from APOE-related effects 420 

(Figure 4; Table S6) [11]. In contrast, variants located near the APOE region were interpreted cautio421 

usly because local LD and tagging effects may complicate variant-specific interpretation (Figure 4; 422 
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Table S6) [24]. Allele-frequency comparisons showed an rs429358 C allele frequency of 0.252 in th423 

e WGS cohort, consistent with the AD-enriched cohort composition rather than a general Korean p424 

opulation frequency (Figure 6; Table S7) [3, 30]. Together, these analyses provided structural conte425 

xt for interpreting candidate variant contributions within the integrated modeling framework. Cros426 

s-stage integration of WES association results and WGS allele-frequency patterns identified APOE r427 

s429358 as the dominant APOE-region signal. In contrast, the Non-APOE candidate variants, includ428 

ing PEMT rs7946, XRCC1 rs25489, and NKPD1 rs28469095, showed limited and variable model reli429 

ance across exploratory analyses. These findings were interpreted as exploratory candidate-evaluat430 

ion context rather than confirmation of an independent susceptibility locus. 431 

  432 

Discussion 433 

This study evaluated how WES-nominated candidate variants behave within clinical–genomic A434 

lzheimer models in which diagnostic-proximal variables can dominate discrimination. The full mod435 

el showed near-perfect internal OOF discrimination (AUROC 0.998), but AUROC decreased by 0.28436 

5 to 0.713 after diagnostic-proximal variables were removed. Further removal of rs429358 and AP437 

OE proxy information reduced AUROC to 0.625. These estimates indicate that the high full-model 438 

performance largely reflected clinical and neuropsychological features closely related to diagnostic 439 

labeling rather than strong standalone genetic discrimination. APOE rs429358 remained the highes440 
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t-ranking genetic feature when included, whereas the Non-APOE candidates contributed little to m441 

odel performance. Feature attribution is therefore treated as model reliance under the observed d442 

ata distribution, separate from genetic association or causal interpretation [3, 5, 20, 21]. 443 

PEMT rs7946 remained a hypothesis-generating candidate only. Its initial WES signal was attenuat444 

ed after adjustment for age, sex, and APOE ε4 carrier status, and the WGS association sensitivity a445 

nalysis did not support corrected independent association. In the fold-wise validation permutation 446 

analysis, rs7946 produced a small mean AUROC decrease (0.00207), similar in scale to rs25489 (0.0447 

0230), while rs28469095 was near zero. The Non-APOE SNP-only model had AUROC 0.533 (95% C448 

I 0.497–0.568), with the interval including chance-level discrimination. These results argue against i449 

nterpreting the Non-APOE candidates as independent predictors, genetic effect-size estimates, or c450 

onfirmed susceptibility loci. 451 

Post hoc annotation provides biological context but does not strengthen the statistical evidence fo452 

r these variants. PEMT participates in phosphatidylcholine biosynthesis and phospholipid homeost453 

asis [2, 27], but rs7946 did not show a significant brain-tissue eQTL in the GTEx lookup used here, 454 

had no ClinVar annotation establishing Alzheimer’s disease pathogenicity, and lacks independent r455 

eplication. These observations do not establish regulatory function, pathogenicity, or mechanism. T456 

he cross-neurodegenerative examples cited above provide context for exploratory candidate evalu457 

ation but do not establish PEMT rs7946 as a cross-disease locus [6, 7].  458 

 459 
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Limitations 460 

Several limitations remain. Candidate screening was restricted to five carried-forward variants and 461 

was not a formal exome-wide discovery analysis. The WES and WGS stages used different endpoin462 

ts, so the WGS stage is not a direct replication of the aMCI association findings. A second indepen463 

dent Korean cohort with harmonized candidate genotypes and comparable clinical and neuropsyc464 

hological variables was not available within the present study, precluding direct external replicatio465 

n. Accordingly, the machine-learning estimates represent internal pooled OOF performance rather 466 

than prospective or external validation. The bootstrap confidence intervals resample the fixed pool467 

ed OOF predictions and therefore do not incorporate the full uncertainty that would arise from re468 

peating model fitting in new samples. Age and Test_Age represent age at diagnosis and age at ne469 

uropsychological testing, respectively; the categorical variable Ages was an exact five-year banding 470 

of Test_Age in this cohort and was excluded to avoid redundant age encoding. External reference-471 

projected ancestry principal components were unavailable for WES, so residual population structur472 

e cannot be fully excluded despite internal genotype-derived PC sensitivity analyses. The full clinic473 

al–genomic model includes diagnostic-proximal variables and should be interpreted as an upper-b474 

ound clinical separability model rather than evidence of prospective clinical utility. 475 

 476 

Conclusions 477 
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In this Korean WES–WGS exploratory framework, the full clinical–genomic model showed 478 

near-perfect internal OOF discrimination, but AUROC decreased to 0.713 after diagnostic-proximal 479 

cognitive and functional variables were removed and to 0.625 after additional removal of rs429358 480 

and APOE proxy information. Non-APOE SNPs alone showed weak discrimination (AUROC 0.533; 9481 

5% CI 0.497–0.568). Age-related, education-related, demographic, and APOE-region variables acco482 

unted for most strict-model reliance, while PEMT rs7946, XRCC1 rs25489, and NKPD1 rs28469095 r483 

emained hypothesis-generating candidates only. These findings support cautious model-based can484 

didate evaluation rather than confirmation of novel Alzheimer’s disease susceptibility loci, indepen485 

dent predictors, or causal variants. 486 

 487 
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Figure 1 Study design and analysis workflow across the Alzheimer’s continuum. 
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Candidate loci were nominated in a Korean whole-exome sequencing (WES) aMCI case–control cohort (263 aMCI, 83 controls). The 

nominated panel was evaluated in an independent WGS cohort (n=995; 509 Alzheimer’s disease cases, 486 controls). WGS genotyp

es were extracted and encoded as allele dosage (0/1/2), merged with epidemiologic and neuropsychological variables using the su

bject ID, and modeled using interpretable machine learning (XGBoost). Model configurations included SNP-only, full clinical–geno

mic, strict leakage-reduced, APOE-sensitivity, and Non-APOE SNP-only analyses. Variant contributions were assessed as descriptive 

model-reliance measures using gain, permutation importance, and SHAP summaries. The workflow was designed for exploratory ca

ndidate evaluation rather than genome-wide discovery, causal inference, or clinical validation. 
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Figure 2 Model performance ladder after diagnostic-leakage reduction using pooled out-of-fold evaluation. 

AUROC values with 95% bootstrap confidence intervals are shown for the five-SNP model, full clinical–genomic model, strict leakag
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e-reduced clinical–genomic model, strict leakage-reduced model without rs429358 and APOE proxy information, and Non-APOE SN

P-only model. All values were calculated from the same stratified five-fold pooled OOF predictions. AUROC decreased from 0.998 in 

the full model to 0.713 after removal of diagnostic-proximal variables and to 0.625 after additional APOE sensitivity removal. The N

on-APOE SNP-only model had AUROC 0.533. 
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Figure 3 Reduction in pooled OOF model discrimination after removing diagnostic-proximal variables. 

The full clinical–genomic model (AUROC 0.998) is compared with the strict leakage-reduced model (0.713), the strict model without 
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rs429358/APOE proxy information (0.625), and the Non-APOE SNP-only model (0.533), using identical stratified five-fold OOF assig

nments. The 0.285 AUROC decrease from the full to strict model supports interpretation of the full model as upper-bound clinical s

eparability rather than prospective predictive utility. 
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Figure 4. Internal linkage disequilibrium among the five candidate loci in the WGS evaluation cohort. 
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Pairwise LD was computed as r² from dosage-encoded genotypes using pairwise complete observations. rs429358 and rs440446 sh

owed moderate LD, whereas PEMT rs7946 showed minimal LD with APOE-region variants. These LD results provide structural conte

xt for candidate interpretation but do not establish biological or statistical independence from APOE-related mechanisms. 
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Figure 5. Fold-wise validation feature attribution in the strict leakage-reduced model. 

Permutation importance was calculated as the AUROC decrease after feature shuffling within each outer validation fold and aggreg
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ated across five folds and 50 repeats per fold. Test_Age ranked first overall (mean decrease 0.0863), while rs429358 was the highes

t-ranking genetic feature (0.0759). The Non-APOE candidates showed small or near-zero mean changes: rs25489 0.00230, rs7946 0.

00207, and rs28469095 −0.00032. Ages was removed as a redundant age-band variable. Attribution values are interpreted as mode

l reliance only. 
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Figure 6. Comparison of rs429358 C-allele frequency between the present WGS cohort and public reference datasets. 
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The rs429358 C-allele frequency in the present WGS cohort was 0.2518 (501 C alleles among 1,990 chromosomes; n=995). The sam

e compared allele and the same reference-source set shown in Supplementary Table S7 were used in the figure. External frequencie

s are presented for descriptive population context only and should be interpreted cautiously because reference datasets differ in p

opulation composition, sampling frame, sequencing platform, release, and allele-frequency estimation procedures. 

Table 1 Baseline characteristics of the WES candidate-nomination cohort. 

Group N Age, mean 

± SD 

MMSE, mean 

± SD 

Male, n 

(%) 

APOE ε4 car

rier, n (%) 

P value for a

ge 

P value for 

MMSE 

P value for 

sex 

P value for A

POE ε4 

aMCI 263 74.42 ± 8.3

3 

22.61 ± 4.42 96 (36.5) 77 (29.3) 0.001 0.001 0.176 0.006 
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Control 83 65.27 ± 9.4

0 

27.34 ± 1.87 24 (28.9) 12 (14.5) 0.001 0.001 0.176 0.006 

Demographic and key clinical characteristics of the Korean WES candidate-nomination cohort, comprising 263 participants with am

nestic mild cognitive impairment (aMCI) and 83 cognitively normal controls. 

 

 

 

 

 

Table 2. Initial nominal WES screening results for nominated candidate variants. 
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Gene SNP 

Alternate allele c

ount in aMCI 

Alternate allele coun

t in controls 

Chi-square 

statistic 

P val

ue 

Odds ratio 

(OR) 

Standard err

or (SE) 

95% confidence in

terval (CI) 

PEMT rs7946 155 36 4.038 0.044 1.53 0.213 1.009–2.320 

XRCC1 rs25489 69 11 5.324 0.021 2.149 0.338 1.107–4.169 

APOE rs440446 223 55 4.397 0.036 1.486 0.190 1.025–2.155 

APOE rs429358 88 13 7.93 0.004 2.359 0.312 1.279–4.352 

NKPD1 

rs284690

95 

39 5 4.177 0.040 2.6 0.484 1.007–6.713 

Allele-based screening statistics are shown for the five variants carried forward for exploratory WGS evaluation. These results were 

used for initial candidate nomination only. Covariate-adjusted and multiple-testing-adjusted analyses are reported in Supplementar
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y Table S10. Candidate status does not imply corrected statistical significance, causal inference, biological validation, or confirmatio

n of Alzheimer’s disease susceptibility loci. 

 

 

Table 3. Performance of prespecified model configurations in the independent WGS evaluation cohort. 

Model N Feat

ures 

AUROC (95% 

CI) 

AUPRC (95% 

CI) 

Accur

acy 

Balanced 

accuracy 

Sensiti

vity 

Specifi

city 

Brier Confusion matrix (T

N, FP, FN, TP) 

SNP-only 995 5 0.637 (0.605–0.

670) 

0.656 (0.624–0.

690) 

0.600 0.599 0.637 0.562 0.23

5 

273, 213, 185, 324 
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Model N Feat

ures 

AUROC (95% 

CI) 

AUPRC (95% 

CI) 

Accur

acy 

Balanced 

accuracy 

Sensiti

vity 

Specifi

city 

Brier Confusion matrix (T

N, FP, FN, TP) 

Full clinical-genomic 995 142 0.998 (0.996–0.

999) 

0.998 (0.996–0.

999) 

0.981 0.981 0.990 0.971 0.01

4 

472, 14, 5, 504 

Strict leakage-reduced cli

nical-genomic 

995 14 0.713 (0.682–0.

745) 

0.723 (0.686–0.

758) 

0.655 0.656 0.644 0.667 0.21

7 

324, 162, 181, 328 

Strict leakage-reduced wi

thout rs429358/APOE pro

xy 

995 12 0.625 (0.589–0.

658) 

0.623 (0.589–0.

659) 

0.590 0.589 0.611 0.568 0.24

3 

276, 210, 198, 311 

Non-APOE SNP-only 995 3 0.533 (0.497–0.

568) 

0.537 (0.508–0.

569) 

0.533 0.530 0.654 0.405 0.25

0 

197, 289, 176, 333 

(Note. All rows use one common stratified five-fold pooled OOF evaluation with identical fold assignments. AUROC and AUPRC are 
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reported with 95% confidence intervals from 2,000 paired class-stratified bootstrap resamples of the pooled OOF predictions. Class

ification metrics use a prespecified 0.50 threshold. Confusion matrices are ordered as TN, FP, FN, TP.) 

Table 4. Fold-wise validation permutation importance in the strict leakage-reduced model. 

Ran

k 

Feature Feature group 

Permutation importance mean 

AUROC decrease 

Permutation 

importance SD 

Interpretation 

1 

Test_Ag

e 

Age-related demographic feature 0.086317 0.030968 Descriptive demographic model reliance 

2 

rs42935

8 

APOE/APOE-region genetic featur

e 

0.075857 0.030636 

Known APOE-region model reliance; not no

vel 
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Ran

k 

Feature Feature group 

Permutation importance mean 

AUROC decrease 

Permutation 

importance SD 

Interpretation 

3 

YearsOf

Educati

on 

Education-related demographic fe

ature 

0.035303 0.020655 Descriptive demographic model reliance 

4 APOE 

APOE/APOE-region genetic featur

e 

0.034571 0.017022 APOE proxy model reliance 

5 Age Age-related demographic feature 0.026704 0.015162 Descriptive demographic model reliance 

6 Job 

Non-diagnostic epidemiologic/ph

ysical feature 

0.014297 0.011404 Model reliance only 
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Ran

k 

Feature Feature group 

Permutation importance mean 

AUROC decrease 

Permutation 

importance SD 

Interpretation 

7 

rs44044

6 

APOE/APOE-region genetic featur

e 

0.008493 0.011849 

APOE-region marker; not interpreted as AP

OE-independent 

8 Sex Sex demographic feature 0.005724 0.010562 Descriptive demographic model reliance 

9 rs25489 Non-APOE candidate SNP 0.002302 0.005959 Exploratory model-reliance signal only 

10 rs7946 Non-APOE candidate SNP 0.002066 0.006520 Exploratory model-reliance signal only 

11 

Educati

on_Lev

el 

Education-related demographic fe

ature 

0.001893 0.005285 Descriptive demographic model reliance 
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Ran

k 

Feature Feature group 

Permutation importance mean 

AUROC decrease 

Permutation 

importance SD 

Interpretation 

12 

Handgr

ip 

Non-diagnostic epidemiologic/ph

ysical feature 

-0.000063 0.000563 Model reliance only 

13 

rs28469

095 

Non-APOE candidate SNP -0.000321 0.005368 Near-zero exploratory model reliance 

14 

Educati

on 

Education-related demographic fe

ature 

-0.004250 0.007463 Descriptive demographic model reliance 

 

Permutation importance was summarized as mean AUROC decrease from feature shuffling performed only in outer validation folds and aggrega

ted across five folds and 50 repeats per fold (250 estimates per feature). Ages was excluded as a redundant categorical age-band variable. Attri
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bution values indicate model reliance under the observed data distribution and were not interpreted as genetic association, causality, biological 

validation, or independent predictive utility. 

 

 

 

 

 

 

 

Table 5. Feature inclusion and exclusion audit across model configurations.   
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Model Feature category 

Number of v

ariables 

Status Examples / notes 

Full clinical–genomic model 

Diagnostic-proximal / neuropsychol

ogical / functional variables 

128 Included 

Amyloid PET, CDR, CDR-SB, MMSE total and items, S

VLT, RCFT, SNSB, ADL, Stroop, TMT, COWAT, DSC, C

DT, and related cognitive/functional variables 

Full clinical–genomic model 

Retained demographic / non-diagn

ostic variables 

8 Included 

Age, Test_Age, education-related variables, sex, job, 

and handgrip; Ages excluded as redundant 

Full clinical–genomic model Candidate SNP dosages 5 Included rs7946, rs25489, rs440446, rs429358, rs28469095 

Full clinical–genomic model APOE proxy/genotype information 1 Included APOE genotype/proxy variable 

Strict leakage-reduced mode

l 

Diagnostic-proximal / neuropsychol

ogical / functional variables 

128 

Exclude

d 

Removed to reduce diagnostic reconstruction 



58 

 

Model Feature category 

Number of v

ariables 

Status Examples / notes 

Strict leakage-reduced mode

l 

Retained demographic / non-diagn

ostic variables 

8 Included 

Age, Test_Age, education-related variables, sex, job, 

and handgrip; Ages excluded as redundant 

Strict leakage-reduced mode

l 

Candidate SNP dosages + APOE pr

oxy 

6 Included 

Five candidate SNP dosages plus APOE genotype/pr

oxy information 

Strict leakage-reduced witho

ut rs429358/APOE proxy 

APOE sensitivity removal 2 

Exclude

d 

rs429358 and APOE genotype/proxy information re

moved from the 14-feature strict model, leaving 12 

features 

Non-APOE SNP-only Non-APOE candidate SNPs 3 Included rs7946, rs25489, rs28469095 only 

The table summarizes which feature classes are included or excluded in the full clinical–genomic, strict leakage-reduced, APOE-sens

itivity, and Non-APOE SNP-only models. Diagnostic-proximal, neuropsychological, cognitive, memory-domain, and functional varia
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bles are retained in the full model but excluded from the strict leakage-reduced model. ID, FAMILY_ID, and PNTTM are excluded fr

om all models. Ages is removed as a redundant categorical age-band variable. 
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Figure S1. Functional annotation framework for candidate variant prioritization. 

Candidate variants nominated from the WES cohort were evaluated in an independent Korean WGS cohort using machine learning–

based attribution, APOE sensitivity analysis, and population-genetic context. Post hoc functional annotation incorporated variant co

nsequence, GTEx/eQTL lookup, ClinVar interpretation, and comparison with external AD genetic resources (GWAS and Open Target

s). This framework supports conservative prioritization rather than causal inference. 

 

Table S1. Additive logistic-regression sensitivity analysis of WES candidate variants. 

SNP A1 NMISS TEST OR SE L95 U95 STAT P 

rs7946 T 332 ADD 1.672 0.2335 1.058 2.643 2.203 0.02763 

Gender 0.592 0.3016 0.3278 1.069 -1.738 0.08221 
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APOE 2.417 0.3593 1.195 4.887 2.456 0.01405 

rs25489 T 333 ADD 1.909 0.3708 0.923 3.949 1.744 0.08118 

Gender 0.6641 0.3025 0.3671 1.202 -1.353 0.1761 

APOE 2.178 0.3569 1.082 4.383 2.18 0.02923 

rs440446 G 333 ADD 1.207 0.2294 0.7699 1.892 0.8202 0.4121 

Gender 0.6247 0.2986 0.3479 1.122 -1.576 0.1151 

APOE 1.959 0.3948 0.9034 4.246 1.703 0.08864 

rs429358 C 332 ADD 1.785 1.037 0.2339 13.62 0.5589 0.5763 

Gender 0.6319 0.2988 0.3518 1.135 -1.536 0.1244 

APOE 1.215 1.159 0.1253 11.78 0.1677 0.8668 

rs28469095 C 333 ADD 2.478 0.4905 0.9476 6.481 1.85 0.06428 
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Gender 0.6242 0.2999 0.3468 1.124 -1.571 0.1161 

APOE 2.301 0.3565 1.144 4.628 2.338 0.0194 

Supplementary additive models are presented to characterize inheritance-model sensitivity and were not used for primary candidat

e-level inference. Because age differed between aMCI cases and cognitively normal controls, the primary candidate-level analysis w

as the age-adjusted additive model with candidate-panel multiple-testing correction reported in Supplementary Table S10. APOE-re

gion variants in the primary analysis were modeled separately from APOE ε4 carrier status to avoid genotype-related collinearity. 
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Table S2. Dominant logistic-regression sensitivity analysis of WES candidate variants. 

SNP A1 NMISS TEST OR SE L95 U95 STAT P 

rs7946 T 332 DOM 1.884 0.2816 1.085 3.271 2.249 0.02451 

Gender 0.5871 0.3017 0.325 1.06 -1.765 0.0775 

APOE 2.448 0.3599 1.209 4.957 2.488 0.01286 

rs25489 T 333 DOM 1.903 0.3738 0.9148 3.96 1.722 0.08513 

Gender 0.6618 0.3024 0.3659 1.197 -1.365 0.1722 

APOE 2.175 0.3569 1.081 4.379 2.177 0.02945 
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rs440446 G 333 DOM 1.277 0.3036 0.7045 2.316 0.8063 0.42 

Gender 0.6279 0.2988 0.3496 1.128 -1.558 0.1193 

APOE 2.017 0.3827 0.9526 4.271 1.833 0.0668 

rs429358 C 332 DOM NA NA NA NA NA NA 

Gender NA NA NA NA NA NA 

APOE NA NA NA NA NA NA 

rs28469095 C 333 DOM 2.478 0.5159 0.9015 6.812 1.759 0.07859 

Gender 0.62 0.2998 0.3445 1.116 -1.595 0.1107 

APOE 2.289 0.3563 1.139 4.602 2.324 0.0201 

Dominant-model results are provided as a supplementary inheritance-model sensitivity analysis and were not used for primary can

didate-level inference. The primary candidate-level analysis used age-adjusted additive models with candidate-panel multiple-testin
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g correction, as reported in Supplementary Table S10. 

 

Table S3. Recessive logistic-regression sensitivity analysis of WES candidate variants. 

SNP A1 NMISS TEST OR SE L95 U95 STAT P 

rs7946 T 332 REC 1.817 0.5822 0.5805 5.688 1.026 0.305 

Gender 0.6149 0.299 0.3422 1.105 -1.626 0.1039 

APOE 2.293 0.3555 1.142 4.602 2.334 0.01958 

rs25489 T 333 REC NA NA NA NA NA NA 

Gender NA NA NA NA NA NA 

APOE NA NA NA NA NA NA 
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rs440446 G 333 REC 1.198 0.434 0.5118 2.806 0.4169 0.6767 

Gender 0.618 0.2981 0.3445 1.109 -1.614 0.1065 

APOE 2.141 0.3754 1.026 4.468 2.028 0.04261 

rs429358 C 332 REC 1.526 1.128 0.1671 13.93 0.3744 0.7081 

Gender 0.6272 0.2984 0.3495 1.126 -1.563 0.118 

APOE 2.187 0.3645 1.071 4.467 2.147 0.0318 

rs28469095 C 333 REC NA NA NA NA NA NA 

Gender NA NA NA NA NA NA 

APOE NA NA NA NA NA NA 

Recessive-model results are provided as a supplementary inheritance-model sensitivity analysis. These models were not used for pr

imary candidate-level inference. Because age differed between aMCI cases and cognitively normal controls, the primary candidate-l
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evel analysis was based on age-adjusted additive models with candidate-panel multiple-testing correction, as reported in Suppleme

ntary Table S10. 
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Table S4. Prespecified WGS model configurations used for pooled out-of-fold evaluation. 
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Model N features Core feature set 

Candidate 

genetic 

features 

included 

Diagnostic-

proximal variables 

APOE-related 

information 

Analytical 

purpose / 

interpretatio

n 

Primary 

result 

locatio

n 

SNP-only 5 

Candidate SNP 

dosages only 

rs7946, 

rs25489, 

rs28469095, 

rs429358, 

rs440446 

Excluded 

Includes 

rs429358 and 

APOE-region 

rs440446 

Genetic 

baseline 

model; not 

intended to 

establish 

standalone 

clinical utility 

Table 3; 

Figure 2 
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Full clinical–

genomic 

142 

Candidate SNP 

dosages plus full 

available 

epidemiologic, 

clinical, biomarker, 

cognitive, 

neuropsychological, 

and functional 

variables after 

preprocessing 

rs7946, 

rs25489, 

rs28469095, 

rs429358, 

rs440446; 

APOE 

proxy/genotyp

e information 

when available 

Included Included 

Upper-bound 

clinical 

separability 

model; high 

performance 

interpreted 

cautiously 

because 

diagnostic-

proximal 

Table 3; 

Figure 2 
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Model N features Core feature set 

Candidate 

genetic 

features 

included 

Diagnostic-

proximal variables 

APOE-related 

information 

Analytical 

purpose / 

interpretatio

n 

Primary 

result 

locatio

n 

variables are 

included 



72 

 

Strict leakage-

reduced 

clinical–

genomic 

14 

Candidate SNP dosage

s plus retained demog

raphic, education-relat

ed, and non-diagnostic 

epidemiologic/physical 

variables; redundant a

ge-band variable Ages 

removed 

rs7946, 

rs25489, 

rs28469095, 

rs429358, 

rs440446; 

APOE 

proxy/genotyp

e information 

when available 

Excluded: amyloid 

PET, CDR-related 

variables, MMSE 

total and q01–q19 

item-level 

variables, SVLT, 

RCFT, broader 

neuropsychological 

scores, memory-

domain variables, 

and functional 

Included 

Primary 

diagnostic-

leakage 

sensitivity 

model; used 

to evaluate 

model 

performance 

after 

removing 

diagnostic 

Table 3; 

Figure 

2; 

Figure 

3; Table 

4; Table 

S11 
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Model N features Core feature set 

Candidate 

genetic 

features 

included 

Diagnostic-

proximal variables 

APOE-related 

information 

Analytical 

purpose / 

interpretatio

n 

Primary 

result 

locatio

n 

assessment 

variables 

reconstruction 

variables 
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Strict leakage-

reduced 

without 

rs429358/APO

E proxy 

12 

Strict leakage-

reduced feature set 

with additional 

APOE sensitivity 

removal 

rs7946, 

rs25489, 

rs28469095, 

rs440446 

retained; 

rs429358 and 

APOE 

proxy/genotyp

e information 

removed 

Excluded as in 

strict leakage-

reduced model 

rs429358 and 

APOE 

proxy/genotyp

e information 

removed 

APOE 

sensitivity 

model; 

evaluates how 

performance 

changes after 

removing the 

dominant 

APOE-region 

marker and 

Table 3; 

Figure 

2; 

Figure 3 
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Model N features Core feature set 

Candidate 

genetic 

features 

included 

Diagnostic-

proximal variables 

APOE-related 

information 

Analytical 

purpose / 

interpretatio

n 

Primary 

result 

locatio

n 

APOE proxy 

information 



76 

 

Non-APOE 

SNP-only 

3 

Non-APOE 

candidate SNP 

dosages only 

rs7946, 

rs25489, 

rs28469095 

Excluded Excluded 

Standalone 

Non-APOE 

genetic signal 

check; weak 

discrimination 

supports 

exploratory 

interpretation 

Table 3; 

Figure 

2; 

Figure 3 
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The table defines the five prespecified feature sets used in the common stratified five-fold pooled OOF evaluation. ID, FAMILY_ID, 

PNTTM, and Ages were excluded before fitting. Performance estimates are reported in Table 3. 

 

 

 

 

 

 

Table S5. WGS feature inventory, variable definitions, and explicit exclusions used for modeling. 



78 

 

Feature Data_type Group Description 

PNTTM Procedural Identifier/procedural variable 

Procedural/constant field; excluded before mod

el fitting and never used as a predictor 

Amyloid_PET Numeric Biomarker/Imaging Amyloid PET variable 

Age Numeric Demographic/Socioeconomic Age at Alzheimer diagnosis (diagnosis age) 

Sex Numeric 

Demographic/Socioecono

mic 

Sex 

q01 Numeric 

MMSE item-level / diagno

stic-proximal 

MMSE item-level variable; excluded from 

strict leakage-reduced model 

q02 Numeric 

q03 Numeric 

q04 Numeric 
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Feature Data_type Group Description 

q05 Numeric 

q06 Numeric 

q07 Numeric 

q08 Numeric 

q09 Numeric 

q10 Numeric 

q11_1 Numeric 

q11_2 Numeric 

q11_3 Numeric 

q12_1 Numeric 
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Feature Data_type Group Description 

q12_2 Numeric 

q12_3 Numeric 

q12_4 Numeric 

q12_5 Numeric 

q13_1 Numeric 

q13_2 Numeric 

q13_3 Numeric 

q14_1 Numeric 

q14_2 Numeric 

q15 Numeric 
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Feature Data_type Group Description 

q16_1 Numeric 

q16_2 Numeric 

q16_3 Numeric 

q17 Numeric 

q18 Numeric 

q19 Numeric 

total Numeric - MMSE total score 

Test_Age Numeric Demographic/Socioeconomic 

Age at neuropsychological testing; distinct from 

diagnosis age 
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Feature Data_type Group Description 

YearsOfEducation Numeric 

Demographic/Socioecono

mic 

Years of education 

Handgrip Numeric Clinical/Functional Handgrip strength 

Digit_span_Forward Numeric Other clinical/cognitive Digit_span_Forward 

Digit_span_Backward Numeric Other clinical/cognitive Digit_span_Backward 

Digit_span_Forward_Backward Numeric Other clinical/cognitive Digit_span_Forward_Backward 

Repetition Numeric Other clinical/cognitive Repetition 

Naming_K_BNT Numeric Other clinical/cognitive Naming_K_BNT 

Praxis_Ideomotor Numeric Other clinical/cognitive Praxis_Ideomotor 

Calculation_add Numeric Other clinical/cognitive Calculation_add 
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Feature Data_type Group Description 

Calculation_sub Numeric Other clinical/cognitive Calculation_sub 

Calculation_mul Numeric Other clinical/cognitive Calculation_mul 

Calculation_div Numeric Other clinical/cognitive Calculation_div 

Calculation_total_score Numeric Other clinical/cognitive Calculation_total_score 

Rey_CFT_copy_score Numeric Other clinical/cognitive Rey_CFT_copy_score 

Rey_CFT_copy_time Numeric Other clinical/cognitive Rey_CFT_copy_time 

SVLT_recall_trial1 Numeric Neuropsychological SVLT_recall_trial1 

SVLT_recall_trial2 Numeric Neuropsychological SVLT_recall_trial2 

SVLT_recall_trial3 Numeric Neuropsychological SVLT_recall_trial3 

SVLT_recall_total_score Numeric Neuropsychological SVLT_recall_total_score 
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Feature Data_type Group Description 

SVLT_Delayed_recall Numeric Neuropsychological SVLT_Delayed_recall 

SVLT_recognition_TP Numeric Neuropsychological SVLT_recognition_TP 

SVLT_recognition_FP Numeric Neuropsychological SVLT_recognition_FP 

SVLT_recognition_score Numeric Neuropsychological SVLT_recognition_score 

SVLT_recognition_discriminability_index Numeric Neuropsychological SVLT_recognition_discriminability_index 

RCFT_immediate_recall Numeric Neuropsychological RCFT_immediate_recall 

RCFT_delayed_recall Numeric Neuropsychological RCFT_delayed_recall 

RCFT_recognition_TP Numeric Neuropsychological RCFT_recognition_TP 

RCFT_recognition_FP Numeric Neuropsychological RCFT_recognition_FP 

RCFT_recognition_score Numeric Neuropsychological RCFT_recognition_score 
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Feature Data_type Group Description 

RCFT_recognition_discriminability_index Numeric Neuropsychological RCFT_recognition_discriminability_index 

Contrasting_program Numeric Other clinical/cognitive Contrasting_program 

Go_No_Go Numeric Other clinical/cognitive Go_No_Go 

COWAT_animal Numeric Neuropsychological COWAT_animal 

COWAT_supermarket Numeric Neuropsychological COWAT_supermarket 

COWAT_giut Numeric Neuropsychological COWAT_giut 

COWAT_iung Numeric Neuropsychological COWAT_iung 

COWAT_siut Numeric Neuropsychological COWAT_siut 

COWAT_phonemic_total_score Numeric Neuropsychological COWAT_phonemic_total_score 

StroopTest_Wordreading_correct Numeric Neuropsychological StroopTest_Wordreading_correct 
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Feature Data_type Group Description 

StroopTest_Wordreading_error Numeric Neuropsychological StroopTest_Wordreading_error 

StroopTest_Wordreading_time Numeric Neuropsychological StroopTest_Wordreading_time 

StroopTest_Wordreading_Correct_response

_rate 

Numeric Neuropsychological 

StroopTest_Wordreading_Correct_response

_rate 

StroopTest_Wordreading_Time_per_item Numeric Neuropsychological StroopTest_Wordreading_Time_per_item 

StroopTest_Colorreading_correct Numeric Neuropsychological StroopTest_Colorreading_correct 

StroopTest_Colorreading_error Numeric Neuropsychological StroopTest_Colorreading_error 

StroopTest_Colorreading_time Numeric Neuropsychological StroopTest_Colorreading_time 

StroopTest_Colorreading_Correct_response_

rate 

Numeric Neuropsychological 

StroopTest_Colorreading_Correct_response_

rate 
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Feature Data_type Group Description 

StroopTest_Colorreading_Time_per_item Numeric Neuropsychological StroopTest_Colorreading_Time_per_item 

StroopTest_Interference_score Numeric Neuropsychological StroopTest_Interference_score 

K_MMSE_orientation_to_time Numeric Neuropsychological K_MMSE_orientation_to_time 

K_MMSE_orientation_to_place Numeric Neuropsychological K_MMSE_orientation_to_place 

K_MMSE_Registation Numeric Neuropsychological K_MMSE_Registation 

K_MMSE_attention_and_calculation Numeric Neuropsychological K_MMSE_attention_and_calculation 

K_MMSE_recall Numeric Neuropsychological K_MMSE_recall 

K_MMSE_language Numeric Neuropsychological K_MMSE_language 

K_MMSE_drawing Numeric Neuropsychological K_MMSE_drawing 

K_MMSE_total_score Numeric Neuropsychological K_MMSE_total_score 
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Feature Data_type Group Description 

CDR Numeric Clinical/Functional Clinical Dementia Rating 

B_ADL Numeric Clinical/Functional Basic activities of daily living score 

Sum_of_boxes Numeric Clinical/Functional CDR sum of boxes 

Education_Level Numeric Other clinical/cognitive Education_Level 

Comprehension_Total_Score Numeric Clinical/Functional Comprehension_Total_Score 

Naming_S_K_BNT Numeric Clinical/Functional Naming_S_K_BNT 

Digit_span_Forward_plus_Backward Numeric Clinical/Functional Digit_span_Forward_plus_Backward 

COWAT_animal_giut Numeric Neuropsychological COWAT_animal_giut 

CDT_Contour Numeric Clinical/Functional CDT_Contour 

CDT_Numbers Numeric Clinical/Functional CDT_Numbers 
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Feature Data_type Group Description 

CDT_time_setting Numeric Clinical/Functional CDT_time_setting 

CDT_Total_score Numeric Clinical/Functional CDT_Total_score 

DSC_correct Numeric Clinical/Functional DSC_correct 

DSC_error Numeric Clinical/Functional DSC_error 

K_TMT_E_A_time Numeric Neuropsychological K_TMT_E_A_time 

K_TMT_E_A_error Numeric Neuropsychological K_TMT_E_A_error 

K_TMT_E_B_time Numeric Neuropsychological K_TMT_E_B_time 

K_TMT_E_B_error Numeric Neuropsychological K_TMT_E_B_error 

SNSB_II_Domain_Attention Numeric Neuropsychological SNSB_II_Domain_Attention 

SNSB_II_Domain_Language Numeric Neuropsychological SNSB_II_Domain_Language 
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Feature Data_type Group Description 

SNSB_II_Domain_Visuospatial Numeric Neuropsychological SNSB_II_Domain_Visuospatial 

SNSB_II_Domain_Memory Numeric Neuropsychological SNSB_II_Domain_Memory 

SNSB_II_Domain_Frontal Numeric Neuropsychological SNSB_II_Domain_Frontal 

SNSB_C_Ani_giut Numeric Clinical/Functional SNSB_C_Ani_giut 

rs7946 Numeric Genetic PEMT SNP dosage 

rs25489 Numeric Genetic XRCC1 SNP dosage 

rs440446 Numeric Genetic APOE-region SNP dosage 

rs429358 Numeric Genetic APOE SNP dosage 

rs28469095 Numeric Genetic NKPD1-region SNP dosage 

APOE Categorical Genetic APOE genotype string 
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Feature Data_type Group Description 

Education Categorical 

Demographic/Socioecono

mic 

Education 

Job Categorical 

Demographic/Socioecono

mic 

Job 

Letter_cancellation Categorical Other clinical/cognitive Letter_cancellation 

Spontaneous_speech_fluency Categorical Other clinical/cognitive Spontaneous_speech_fluency 

Spontaneous_speech_contents Categorical Other clinical/cognitive Spontaneous_speech_contents 

Comprehension Categorical Other clinical/cognitive Comprehension 

Reading Categorical Other clinical/cognitive Reading 

Writing Categorical Other clinical/cognitive Writing 
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Feature Data_type Group Description 

Finger_naming Categorical Other clinical/cognitive Finger_naming 

Right_left_orientation Categorical Other clinical/cognitive Right_left_orientation 

Body_part_identification Categorical Other clinical/cognitive Body_part_identification 

Praxis_buccofacial Categorical Other clinical/cognitive Praxis_buccofacial 

Motor_impersistence Categorical Other clinical/cognitive Motor_impersistence 

Alternating_hand_movement Categorical Other clinical/cognitive Alternating_hand_movement 

Alternating_square_and_triangle Categorical Other clinical/cognitive Alternating_square_and_triangle 

Luria_loop Categorical Other clinical/cognitive Luria_loop 

K_TMT_E_A_success Categorical Neuropsychological K_TMT_E_A_success 

K_TMT_E_B_success Categorical Neuropsychological K_TMT_E_B_success 
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Feature Data_type Group Description 

Fist_edge_palm_right Categorical Other clinical/cognitive Fist_edge_palm_right 

Fist_edge_palm_left Categorical Other clinical/cognitive Fist_edge_palm_left 

FAMILY_ID Identifier Identifier/linkage variable 

Subject/linkage identifier in this analytic export; 

excluded before model fitting and never used a

s a predictor 

ID Identifier Identifier/linkage variable Subject identifier; excluded before model fitting 

and never used as a predictor 

Ages Categorical Demographic/Socioeconomic Five-year age-band variable derived exactly fro

m Test_Age; excluded before model fitting to a

void redundant age encoding 

This table summarizes the WGS feature inventory before model fitting. Genetic features are encoded as allele dosage (0/1/2), and c
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ategorical variables are one-hot encoded within training folds. ID and FAMILY_ID are linkage identifiers and PNTTM is a procedural 

field; all three are excluded before model fitting. Age denotes age at Alzheimer’s disease diagnosis and Test_Age denotes age at n

europsychological testing. Ages is a categorical five-year age-band variable derived from Test_Age; this relationship was verified in 

all 995 participants. Ages is excluded from all models to avoid redundant age encoding. Thus, not every field listed in the raw feat

ure inventory is used as a predictor. 

 

Table S6. Pairwise LD among the five nominated candidate SNPs in the WGS cohort. 

SNP1 SNP2 N_pairwise_complete R R2 

rs429358 rs440446 995 0.563605 0.317651 

rs429358 rs28469095 995 -0.03932 0.001546 
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rs429358 rs7946 995 -0.05379 0.002894 

rs429358 rs25489 995 -0.00284 0.000008 

rs440446 rs28469095 995 0.03312 0.001097 

rs440446 rs7946 995 -0.03828 0.001465 

rs440446 rs25489 995 0.022779 0.000519 

rs28469095 rs7946 995 0.010562 0.000112 

rs28469095 rs25489 995 0.021493 0.000462 

rs7946 rs25489 995 -0.00264 0.000007 

LD was calculated as squared Pearson correlation (r²) between genotype dosage values using pairwise complete observations. LD b

etween rs429358 and rs7412 was estimated separately from APOE genotype data (r² ≈ 0.006) and is not included in this table beca

use rs7412 dosage was not part of the five-SNP candidate panel. 
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Table S7. Allele-frequency comparison of the five candidate variants in the WGS cohort and public reference datasets. 

SNP 
Compared 

allele 

Present 

WGS 
KRGDB KGP4K 1000G ExAC UK10K 

gnomAD 

Global 

rs429358 C 0.2518 0.0917 0.091 0.104 0.171 0.1397 0.158091 

rs440446 G 0.4673 0.3829 0.3701 0.578 0.643 0.6543 – 

rs28469095 C 0.0688 0.0589 0.0662 0.091 0.128 0.0925 0.091221 

rs7946 T 0.2437 0.2669 0.2708 0.556 0.588 0.7519 0.589714 

rs25489 T 0.0945 0.1086 0.1005 0.065 – 0.0388 – 
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Allele frequencies in the WGS cohort were calculated directly from alternate-allele dosage as the total count of the compared allele 

divided by twice the number of non-missing diploid genotypes. All five candidate variants had complete genotype data in the WGS 

cohort (n=995). The compared allele is shown explicitly for each variant. External reference frequencies are presented for descriptiv

e population context only and were not used for candidate nomination, association testing, model training, or feature attribution. 

Cross-dataset comparisons should be interpreted cautiously because reference resources differ in population composition, samplin

g frame, sequencing platform, release, and allele-frequency estimation procedures. 
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Table S8A. Genetic and variant-level evidence for exploratory candidate variants. 

SNP Gene 

GRCh38 

position 

VEP consequence 

Initial WES 

nominal P 

range 

Initial WES 

screening OR 

ALT AF, Korean 

WGS 

LD with 

rs429358 (r²) 

rs7946 PEMT chr17:17506246 Missense 0.040–0.044 1.53 0.2437 0.003 

rs25489 XRCC1 chr19:43552260 Missense 0.020–0.021 2.15 0.0945 <0.01 
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rs440446 

APOE-

region 

chr19:44905910 

Transcript-

dependent; intronic 

on APOE MANE 

Select 

0.036–0.040 1.49 0.4673 0.317 

rs429358 APOE chr19:44908684 Missense 0.0049–0.005 2.36 0.2518 Reference 
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rs28469095 NKPD1 chr19:45152075 Missense 0.040–0.041 2.6 0.0688 <0.01 

Table S8A summarizes variant-level evidence for the five candidate variants, including GRCh38 genomic position, VEP consequence, WES association statistics, Korean WGS alternate-allele frequency, and coh

ort-derived linkage disequilibrium with APOE rs429358. Functional consequence annotations were obtained post hoc and were not used for candidate nomination, association testing, model training, or featu

re selection. WES association estimates are exploratory and should be interpreted together with the covariate-adjusted and multiple-testing-adjusted analyses reported in Supplementary Table S10. 

 

Table S8B. Functional and clinical-genomic context of exploratory candidate variants. 
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SNP In silico / functional annotation 

GTEx/eQTL 

annotation 

ClinVar 

status 

External AD 

genetics 

context 

Functional/pathway 

context 

Study 

interpretation 

rs7946 

Missense; SIFT deleterious (0.01); 

PolyPhen possibly damaging 

(0.55); CADD 19.3 

No significant 

brain-tissue 

eQTL was 

detected in 

the GTEx 

query 

performed in 

this study 

No 

pathogenic 

AD-

specific 

ClinVar 

assertion 

identified 

Not 

established as 

a primary AD 

GWAS locus 

in large-scale 

AD GWAS 

Phosphatidylcholine 

biosynthesis; 

phospholipid 

homeostasis; lipid 

metabolism 

relevant to APOE 

biology 

Hypothesis-

generating 

Non-APOE 

candidate with 

post hoc 

functional 

context; not a 

confirmed 
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susceptibility 

locus, 

independent 

predictor, or 

causal variant. 

 

rs25489 

Missense; SIFT tolerated (0.17); 

CADD 13.8 

No significant 

brain-tissue 

eQTL was 

detected in 

No 

pathogenic 

AD-

specific 

Not 

established as 

a primary AD 

GWAS locus 

Base-excision DNA 

repair; oxidative 

stress/genome 

maintenance 

Plausible but 

less AD-specific 

DNA-repair 
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the GTEx 

query 

performed in 

this study 

ClinVar 

assertion 

identified 

candidate; weak 

model stability 

rs440446 

Transcript-dependent VEP 

consequences: intron_variant on 

the APOE MANE Select transcript 

(ENST00000252486/NM_000041.4); 

overall most severe consequence 

missense_variant on an alternative 

transcript (ENST00000434152; 

Transcript 

consequence 

does not by 

itself establish 

regulatory 

function; eQTL 

evidence 

No 

pathogenic 

AD-

specific 

ClinVar 

assertion 

identified 

APOE-region 

context; 

requires 

LD/haplotype-

aware 

interpretation 

APOE-region 

context with 

transcript-

dependent 

functional 

annotation. 

APOE-region 

marker with 

transcript-

dependent 

annotation; not 

interpreted as 

an independent 
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C>G, p.Asn14Lys); 5′ UTR 

consequences on additional 

alternative transcripts. 

should be 

interpreted 

with APOE-

region caution. 

functional or 

susceptibility 

variant without 

conditional/fine-

mapping and 

functional 

validation. 

rs429358 

Missense; known APOE functional 

variant; CADD 16.6 

Known APOE 

functional/risk-

defining 

variant 

Known 

APOE-

associated 

variant 

Established 

APOE AD risk 

locus 

APOE lipid 

transport; ε4-

defining variant 

Primary APOE-

driven genetic 

signal and 
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positive-control 

locus 

rs28469095 

Missense variant; canonical NKPD1 

transcript ENST00000686631.1 

(NM_198478.4), p.Arg788Gly; SIFT 

tolerated (0.54); PolyPhen benign 

(0). 

No significant 

brain-tissue 

eQTL was 

detected in 

the GTEx 

query 

No 

pathogenic 

AD-

specific 

ClinVar 

assertion 

identified 

Not 

established as 

a primary AD 

GWAS locus; 

cohort LD 

with rs429358 

NKPD1 functional 

relevance to AD 

remains uncertain; 

the missense 

annotation 

provides variant-

level context but 

Exploratory 

NKPD1 

missense 

candidate with 

weak model 

attribution; 

statistical 
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performed in 

this study 

was minimal 

(r² < 0.01). 

does not establish 

pathogenicity or 

disease mechanism. 

evidence did 

not survive 

multiple-testing 

correction and 

functional 

validation is 

required. 

Table S8B summarizes post hoc functional and external genetic context for the five candidate variants, including in silico functional predictions, GTEx/eQTL evid

ence, ClinVar annotations, external Alzheimer’s disease genetic evidence, and relevant biological context. These annotations were used only for interpretation an

d were not incorporated into candidate selection, association testing, or model training. Absence of a significant brain-tissue eQTL in the queried GTEx resource 

should not be interpreted as evidence of absent biological relevance. Study interpretations are hypothesis-generating and do not establish pathogenicity, causali

ty, independent association, or predictive utility. 
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Table S9. Exploratory gain-based feature-ranking stability across model configurations. 

feature mean_

rank 

sd_ra

nk 

best_r

ank 

worst_

rank 

mean_

gain 

detected_mode

l_configs 

top20_model

_configs 

top20_frequency_acro

ss_all_configs 

num__Amyloid_PET 1 0 1 1 34.568 5 5 0.833 
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num__SNSB_II_Domain_Mem

ory 

2.8 1.303

84 

2 5 17.365 5 5 0.833 

num__SVLT_Delayed_recall 3.8 1.303

84 

3 6 16.305 5 5 0.833 

num__SVLT_recall_trial3 6.2 3.346

64 

2 10 11.683 5 5 0.833 

num__SVLT_recall_trial2 7.2 4.324

35 

3 14 10.717 5 5 0.833 

num__SVLT_recall_total_score 9.6 2.302

173 

7 12 8.221 5 5 0.833 
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num__Praxis_Ideomotor 15 1.414

214 

13 17 5.694 5 5 0.833 

num__StroopTest_Wordreadi

ng_error 

13.4 7.300

685 

6 23 6.553 5 4 0.667 

cat__Fist_edge_palm_right_No

rmal 

14.4 6.804

41 

8 24 5.634 5 4 0.667 

num__Sum_of_boxes 16.8 3.834

058 

13 22 4.798 5 4 0.667 

num__B_ADL 22.4 21.33

776 

9 60 4.837 5 4 0.667 
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num__Contrasting_program 14.5 18.33

939 

5 42 8.854 4 3 0.5 

num__RCFT_delayed_recall 15.4 8.142

481 

7 26 5.982 5 3 0.5 

num__CDR 18 3.807

887 

14 23 4.535 5 3 0.5 

cat__Fist_edge_palm_left_Nor

mal 

19 5.354

126 

12 25 4.018 4 3 0.5 

num__SVLT_recognition_discri

minability_index 

31.2 27.72

544 

4 65 6.077 5 3 0.5 
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num__rs7946 51.167 50.99

575 

4 102 4.504 6 3 0.5 

num__rs429358 15.75 11.17

661 

1 27 3.719 4 2 0.333 

num__K_MMSE_drawing 16.5 0.707

107 

16 17 3.543 2 2 0.333 

cat__Comprehension_Normal 18.333 13.57

694 

10 34 4.456 3 2 0.333 

num__Rey_CFT_copy_score 24.2 5.761

944 

17 29 2.876 5 2 0.333 
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cat__APOE_E3/E4 24.4 8.961

027 

14 36 3.318 5 2 0.333 

num__Naming_K_BNT 43.2 33.71

498 

6 78 4.693 5 2 0.333 

num__K_MMSE_total_score 44.6 24.54

18 

18 67 1.67 5 2 0.333 

num__rs28469095 2 NA 2 2 0.403 1 1 0.167 

num__rs25489 3 NA 3 3 0.347 1 1 0.167 

num__rs440446 59.2 30.93

865 

4 76 0.327 5 1 0.167 

Gain-based feature rankings were summarized across exploratory model configurations and are presented as supplementary descri
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ptive analyses of model behavior. Some configurations included interaction terms that were not part of the prespecified primary m

odels; these configurations were therefore not used for candidate nomination, association inference, biological interpretation, or th

e primary feature-attribution results. Gain-based rankings are not directly comparable with fold-wise validation permutation import

ance and do not represent genetic association, biological effect size, causal influence, or independent predictive utility. 

 

 

 

Table S10. Covariate-adjusted WES candidate-variant association results and multiple-testing correction. 

Gene_or_region SNP 

Model_gro

up 

Primary_mo

del 

Covariat

es 

NMIS

S 

OR 

95% 

CI 

P 

FDR_BH_primary_

5 

Bonferroni_primar

y_5 

Interpretation 
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PEMT rs7946 

Non-APOE 

candidate 

Additive 

age, sex, 

APOE ε4 

331 

1.43

5 

0.892

–

2.308 

0.1363 0.1363 0.6815 

Attenuated after 

covariate 

adjustment; 

exploratory 

candidate only. 

XRCC1 

rs2548

9 

Non-APOE 

candidate 

Additive 

age, sex, 

APOE ε4 

332 

1.99

1 

0.929

–

4.271 

0.0768

3 

0.12805 0.38415 

Borderline/attenu

ated after 

covariate 

adjustment; 

exploratory 

candidate only. 



116 

 

APOE-region 

rs4404

46 

APOE-

region 

candidate 

Additive age, sex 333 

1.38

5 

0.912

–

2.102 

0.1265 0.1363 0.6325 

APOE-region 

marker; not 

interpreted as 

independent of 

APOE-related 

mechanisms. 

APOE 

rs4293

58 

APOE-

region 

candidate 

Additive age, sex 332 

2.08

7 

1.096

–

3.975 

0.0251

6 

0.08703 0.1258 

Expected APOE-

region positive-

control signal; 

not a novel 

candidate locus. 
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NKPD1 

rs2846

9095 

Non-APOE 

candidate 

Additive 

age, sex, 

APOE ε4 

332 

3.01

1 

1.082

–

8.383 

0.0348

1 

0.08703 0.17405 

Nominal 

exploratory 

candidate; not 

significant after 

multiple-testing 

correction. 

Primary additive candidate-variant association results are shown after covariate adjustment. For Non-APOE candidate variants, logis

tic regression models included age, sex, and APOE ε4 carrier status. APOE-region variants were analyzed separately using age and s

ex adjustment because APOE ε4 carrier status is partly determined by APOE genotype and may introduce collinearity. Benjamini–H

ochberg FDR and Bonferroni-adjusted P values were calculated across the five primary additive candidate tests. These results were 

interpreted as exploratory candidate-nomination evidence only and not as confirmation of Alzheimer’s disease susceptibility loci. 
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Table S11. Full fold-wise validation permutation-importance results for the strict leakage-reduced model.  

 

Rank Feature Feature_group Permutation_importance_mean_AUROC_decrease Permutation_importance_SD Interpretation 

1 Test_Age 

Age-related demograp

hic feature 

0.086317 0.030968 

Descriptive demographic m

odel reliance 

2 rs429358 

APOE/APOE-region gen

etic feature 

0.075857 0.030636 

Known APOE-region model 

reliance; not novel 
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Rank Feature Feature_group Permutation_importance_mean_AUROC_decrease Permutation_importance_SD Interpretation 

3 

YearsOfEd

ucation 

Education-related dem

ographic feature 

0.035303 0.020655 

Descriptive demographic m

odel reliance 

4 APOE 

APOE/APOE-region gen

etic feature 

0.034571 0.017022 APOE proxy model reliance 

5 Age 

Age-related demograp

hic feature 

0.026704 0.015162 

Descriptive demographic m

odel reliance 

6 Job 

Non-diagnostic epidem

iologic/physical feature 

0.014297 0.011404 Model reliance only 

7 rs440446 

APOE/APOE-region gen

etic feature 

0.008493 0.011849 

APOE-region marker; not in

terpreted as APOE-indepen

dent 
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Rank Feature Feature_group Permutation_importance_mean_AUROC_decrease Permutation_importance_SD Interpretation 

8 Sex 

Sex demographic featur

e 

0.005724 0.010562 

Descriptive demographic m

odel reliance 

9 rs25489 

Non-APOE candidate S

NP 

0.002302 0.005959 

Exploratory model-reliance 

signal only 

10 rs7946 

Non-APOE candidate S

NP 

0.002066 0.006520 

Exploratory model-reliance 

signal only 

11 

Education

_Level 

Education-related dem

ographic feature 

0.001893 0.005285 

Descriptive demographic m

odel reliance 

12 Handgrip 

Non-diagnostic epidem

iologic/physical feature 

-0.000063 0.000563 Model reliance only 
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Rank Feature Feature_group Permutation_importance_mean_AUROC_decrease Permutation_importance_SD Interpretation 

13 

rs2846909

5 

Non-APOE candidate S

NP 

-0.000321 0.005368 

Near-zero exploratory mod

el reliance 

14 Education 

Education-related dem

ographic feature 

-0.004250 0.007463 

Descriptive demographic m

odel reliance 

Permutation importance was computed only in outer validation folds and aggregated across five folds and 50 repeated permutatio

ns per fold. Ages was excluded as a redundant age-band variable. 
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Table S12. Candidate-variant rationale and claim boundaries. 

Variant Gene 

/region 

Candidate_role Selection_rationale Primary_interpretation Claim_boundary 

rs429358 APOE Positive-control 

APOE-region 

variant 

Included because APOE-region 

variation is an established 

contributor to AD risk and 

provides an internal 

benchmark. 

Known-region contribution; 

not interpreted as a novel 

discovery. 

No novelty or 

causality claim. 
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rs440446 APOE-region APOE-region 

marker 

Included as an APOE-region 

candidate marker for 

exploratory evaluation with 

APOE rs429358. 

APOE-region marker; not 

interpreted as independent of 

APOE-related mechanisms. 

No claim of 

independence from 

APOE-related 

mechanisms. 

rs7946 PEMT Exploratory Non-

APOE candidate 

Nominated from WES 

screening and carried forward 

for exploratory model-based 

evaluation. 

Initial nominal signal 

attenuated after age, sex, and 

APOE ε4 adjustment; retained 

only as hypothesis-

generating. 

Not a confirmed 

susceptibility locus; 

not an independent 

association claim. 
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rs25489 XRCC1 Exploratory Non-

APOE candidate 

Nominated from WES 

screening and carried forward 

for exploratory model-based 

evaluation. 

Borderline/attenuated after 

covariate adjustment; 

interpreted as exploratory. 

Not a confirmed 

susceptibility locus; 

no causal inference. 

rs28469095 NKPD1 Exploratory Non-

APOE candidate 

Nominated from WES 

screening and retained 

nominal evidence after 

covariate adjustment but did 

not survive multiple-testing 

correction. 

Nominal exploratory 

candidate requiring 

replication. 

Not a confirmed 

susceptibility locus; 

no clinical utility 

claim. 

The table summarizes the rationale for carrying forward each nominated candidate variant and the corresponding interpretive bou
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ndary applied in this study. APOE-region variants were treated as known-region or APOE-region benchmark features, whereas PEM

T, XRCC1, and NKPD1 variants were treated as exploratory Non-APOE candidates. Candidate status does not imply corrected statisti

cal significance, causal inference, biological validation, clinical utility, or confirmation of Alzheimer’s disease susceptibility loci. 

 

 

 

Table S13. WES candidate-screening and PLINK genotype quality-control summary. 

Item Value 

WES candidate-nomination cohort enrolled 346 participants 
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aMCI 263 

Controls 83 

PLINK BIM variant entries before filtering 142,740 

Candidate variants present in BIM 5/5 

PLINK QC filters --mind 0.10, --geno 0.10, --maf 0.01, --hwe 1e-6 

PLINK QC-filtered analytic samples 332 

PLINK QC-filtered variants 53,858 

Candidate minor allele frequency range 0.0661–0.4189 

Candidate HWE P-value range 0.0644–0.8937 
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Candidate genotype missingness range 0.0263–0.0292 

Candidate genotype call-rate range 97.08%–97.37% 

Annotated WES screening records used for candidate revie

w 

5,215 

PASS variants in annotated report 4,753 

Candidate variants carried forward 5 

Primary corrected statistical tests 5 additive candidate-variant tests 

Correction applied Benjamini–Hochberg FDR and Bonferroni 

Covariates for Non-APOE candidates age, sex, APOE ε4 carrier status 
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Covariates for APOE-region variants age, sex 

Ancestry principal components External reference-projected PCs unavailable; internal WES genotype-deriv

ed PC-adjusted sensitivity analysis reported in Supplementary Table S14  

Interpretation exploratory candidate nomination only 

The WES cohort included 346 enrolled participants. Candidate-level PLINK analyses were performed using the available genotype dataset, 

in which all five carried-forward candidate variants were present. The PLINK BIM file contained 142,740 variant entries before filtering. Afte

r standard genotype-level filtering, the candidate-level analytic dataset included 332 samples and 53,858 variants. Across the five candidat

e variants, MAF ranged from 0.0661 to 0.4189, HWE P values ranged from 0.0644 to 0.8937, and genotype call rates ranged from 97.08% 

to 97.37%. Corrected statistical interpretation was restricted to the five primary additive candidate-variant tests reported in Supplementary 

Table S10. These results were not interpreted as exome-wide discovery, corrected genome-wide association, causal inference, or confirmat
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ion of Alzheimer’s disease susceptibility loci. External reference-projected ancestry PCs were not available; therefore, residual population st

ructure was acknowledged as a limitation. Internal genotype-derived PC-adjusted sensitivity analyses are reported separately in Suppleme

ntary Table S14. 
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Table S14. Internal principal-component-adjusted sensitivity analysis of WES candidate-variant associations. 

Variant 

Gene/reg

ion 

Mode

l 

Covariates N OR 95% CI P 

FDR_

BH 

Bonferro

ni P 

Interpretation 

rs7946 PEMT 

Additi

ve 

age, sex, APOE ε4, P

C1–PC5 

33

1 

1.66

1 

0.996–2.

771 

0.05

19 

0.101

3 

0.2595 

Borderline nominal exploratory Non-APOE candi

date; not corrected 

rs25489 XRCC1 

Additi

ve 

age, sex, APOE ε4, P

C1–PC5 

33

1 

1.78

0 

0.833–3.

806 

0.13

69 

0.171

1 

0.6844 Exploratory Non-APOE candidate; not corrected 
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Variant 

Gene/reg

ion 

Mode

l 

Covariates N OR 95% CI P 

FDR_

BH 

Bonferro

ni P 

Interpretation 

rs28469

095 

NKPD1 

Additi

ve 

age, sex, APOE ε4, P

C1–PC5 

33

1 

2.69

2 

0.956–7.

578 

0.06

08 

0.101

3 

0.3038 

Borderline nominal exploratory candidate; not c

orrected 

rs42935

8 

APOE 

Additi

ve 

age, sex, PC1–PC5 

33

1 

1.98

5 

1.043–3.

776 

0.03

67 

0.101

3 

0.1836 

APOE-region positive-control context; not correc

ted 

rs44044

6 

APOE-reg

ion 

Additi

ve 

age, sex, PC1–PC5 

33

1 

1.32

2 

0.866–2.

018 

0.19

55 

0.195

5 

0.9776 APOE-region marker; not APOE-independent 

Internal genotype-derived principal components were calculated from QC-filtered, LD-pruned autosomal WES variants after excluding the 

APOE-region and candidate loci. PCA was performed using 26,479 LD-pruned variants with a total genotyping rate of 0.9957. PC-adjusted 
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candidate-level logistic regression was then performed using the first five internal WES principal components. For Non-APOE candidate va

riants, models included SNP dosage, age, sex, APOE ε4 carrier status, and PC1–PC5. APOE-region variants were analyzed using SNP dosag

e, age, sex, and PC1–PC5 to avoid collinearity with APOE ε4 carrier status. No candidate variant survived candidate-panel FDR or Bonferro

ni correction. These analyses were interpreted as internal population-structure sensitivity analyses and not as external ancestry validation. 
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Table S15. WGS candidate-variant logistic regression sensitivity analysis. 

Varian

t 

Gene/re

gion 

Mode

l 

Covaria

tes 

N OR 95% CI P FDR_B

H 

Bonferron

i P 

Interpretation 

rs7946 PEMT Additi

ve 

age, se

x, rs429

358 

99

5 

0.9

74 

0.782–

1.214 

0.8161 0.8161 1.0000 Exploratory Non-APOE candidate; no WGS as

sociation evidence after rs429358 adjustment 

rs2548 XRCC1 Additi age, se 99 1.3 0.972– 0.0740 0.1234 0.3701 Exploratory Non-APOE candidate; not correct
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9 ve x, rs429

358 

5 40 1.848 ed 

rs2846

9095 

NKPD1 Additi

ve 

age, se

x, rs429

358 

99

5 

1.1

17 

0.776–

1.607 

0.5507 0.6883 1.0000 Exploratory Non-APOE candidate; no WGS as

sociation evidence after rs429358 adjustment 

rs4293

58 

APOE Additi

ve 

age, sex 99

5 

2.9

91 

2.340–

3.824 

2.14×

10⁻¹⁸ 
1.07×1

0⁻¹⁷ 
1.07×10⁻¹⁷ APOE-region positive-control signal 

rs4404

46 

APOE-re

gion 

Additi

ve 

age, sex 99

5 

1.2

85 

1.066–

1.549 

0.0086 0.0216 0.0431 APOE-region marker; not interpreted as APO

E-independent 

Candidate-level logistic regression sensitivity analyses were performed in the independent WGS evaluation cohort to distinguish ca

ndidate-level association from model attribution. For Non-APOE candidate variants, models included SNP dosage, Age (age at diag
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nosis), sex, and APOE rs429358 dosage. APOE-region variants were analyzed using SNP dosage, Age (age at diagnosis), and sex. Ge

notype missingness was 0% for all five candidate variants in the WGS dataset. Benjamini–Hochberg FDR and Bonferroni-adjusted P 

values were calculated across the five WGS candidate-variant tests. Non-APOE candidate variants did not show corrected WGS asso

ciation evidence after rs429358 adjustment. APOE rs429358 showed the expected positive-control association, and rs440446 was in

terpreted as an APOE-region marker rather than an APOE-independent locus. These analyses were interpreted as exploratory candi

date-level sensitivity analyses and not as validation of genetic association, causality, or clinical utility. 
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Table S16. XGBoost hyperparameters and reproducibility settings. 

Parameter / setti

ng 

Reported value Purpose / note 

objective binary:logistic Binary Alzheimer’s disease classification 

eval_metric logloss XGBoost internal evaluation metric; AUROC was computed separately for model-p
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erformance reporting 

n_estimators 500 Number of boosting rounds/trees 

max_depth 3 Maximum tree depth 

learning_rate 0.03 Boosting shrinkage parameter 

subsample 0.8 Row subsampling fraction 

colsample_bytree 0.8 Column subsampling fraction per tree 

min_child_weight 5 Minimum child weight 

gamma Not explicitly set; XGBoost defa

ult used 

Minimum split-loss reduction 

reg_alpha Not explicitly set; XGBoost defa

ult used 

L1 regularization term 
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reg_lambda 1.0 L2 regularization term 

tree_method Not explicitly specified in the a

nalysis code; XGBoost default u

sed 

XGBoost default tree construction method used by the installed version 

n_jobs -1 Use available CPU threads 

missing values Native XGBoost missing-value 

handling 

Sentinel missing codes were converted to missing before modeling 

categorical varia

bles 

One-hot encoded within each train

ing fold 

Encoder fitted on training-fold data only and applied to the corresponding validation fold; 

unseen categories handled without refitting 

data split Stratified five-fold cross-validation 

with pooled OOF predictions 

Each participant receives one prediction from a model not trained on that participant; ide

ntical fold assignments across model configurations 
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cross-validation 5 outer stratified folds; fixed hyper

parameters 

Preprocessing and one-hot encoding fitted within each training fold only; validation-fold o

utcomes not used for fitting or preprocessing 

random seed 42 Fixed for reproducibility 

classification thres

hold 

0.50 (prespecified) Used for accuracy, sensitivity, specificity, PPV, NPV, and confusion matrices; not optimized 

on OOF validation outcomes 

AUROC/AUPRC co

nfidence intervals 

2,000 class-stratified nonparametri

c bootstrap resamples of pooled O

OF predictions 

Percentile 2.5th and 97.5th limits; intervals summarize uncertainty in the fixed pooled OOF 

predictions 

permutation impor

tance 

Outer validation folds only; 50 rep

eats per fold 

Aggregated across five folds (250 estimates per feature) 

global exclusions ID; FAMILY_ID; PNTTM; Ages Identifiers/procedural fields excluded; Ages excluded as a redundant age-band variable 

The same fixed XGBoost configuration is used for the prespecified candidate SNP-only, full clinical–genomic, strict leakage-reduced, strict leakage-reduc
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ed without rs429358/APOE proxy, and Non-APOE SNP-only model configurations. All models use the same stratified five-fold OOF partition. Preprocessi

ng and one-hot encoding are fitted separately within each training fold and applied to the corresponding validation fold. The probability threshold is pr

especified at 0.50. AUROC and AUPRC confidence intervals are estimated from pooled OOF predictions using 2,000 paired class-stratified bootstrap resa

mples. Strict-model permutation importance is calculated only on outer validation folds. 

 



  F ( x ) =   ∑  k = 1  K    f  k ( x ) ,   p ^ = 𝜎 ( F ( x ) )


    f  k


  𝜎


    r 2 =    ( corr (   g  a ,   g  b ) ) 2


    rel _ gain  j =    gain  j    ∑  m ​   gain  m


  Δ A U   C  j = A U   C orig − A U   C  perm ( j )


    I  j =   𝔼  ( |   𝜙  j | )    ∑  m ​  𝔼  ( |   𝜙  m | )

