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Abstract
Background

Vascular dysfunction is increasingly recognized as a contributor to Alzheimer’s disease (AD), yet the genetic mechanisms
linking blood pressure (BP) and AD remain incompletely understood. We investigated shared genetic architecture between
AD and systolic blood pressure (SBP), diastolic blood pressure (DBP), and pulse pressure (PP) to identify locus-specific
mechanisms connecting vascular regulation and neurodegeneration.

Results

We analyzed genome-wide association study summary statistics from individuals of European ancestry using global and
local genetic correlation and conjunctional false discovery rate (conjFDR), followed by cis-Mendelian randomization (cis-
MR), functional annotation, expression quantitative trait locus associations, and AD-specific multi-omic evidence. AD
showed modest negative global genetic correlations with BP but significant local genetic correlation at eight regions.
ConjFDR identified 42 high-confidence variants across 22 independent LD regions, with PRKD3, NBEAL1, NDUFAF6, SPI1,
and the APOE region supported by both local genetic correlation and conjFDR. Cis-MR provided evidence for effects of BP
on AD at multiple regions, with ACE and the APOE region showing significant effects for all three BP traits. Integrative
analysis most strongly prioritized the APOE region, with convergent evidence at ACE and NBEALT and additional signals
implicating immune and mitochondrial pathways.

Conclusions

The genetic relationship between AD and BP is characterized by heterogeneous, locus-specific overlap not fully captured by
genome-wide genetic correlation. Convergent evidence implicates APOE, ACE, NBEAL1, and other loci involved in vascular,
immune, and mitochondrial biology, supporting multiple, partially BP-trait-specific mechanisms linking vascular regulation
to AD.

BACKGROUND

Alzheimer's disease (AD) is a progressive neurodegenerative disorder characterized by cognitive decline and memory loss
that accounts for approximately 60% of dementia cases worldwide(1). Increasing evidence implicates vascular dysfunction
in AD pathogenesis(2), with blood pressure (BP) emerging as a key contributor(3). Both hypertension and hypotension have
been associated with cognitive decline, mild cognitive impairment, and dementia, suggesting that disruption of cerebral
blood flow may accelerate neurodegenerative processes(4-12). However, the biological mechanisms underlying the
association between BP and AD remain incompletely understood, and clarifying the mechanistic overlap between vascular
dysfunction and neurodegeneration is critical for improving risk stratification, early screening, prevention strategies, and
therapeutic target discovery.

Systolic blood pressure (SBP), diastolic blood pressure (DBP), and pulse pressure (PP) reflect distinct aspects of vascular
function and have each been linked to cognitive outcomes across the lifespan(6, 13). Midlife hypertension is consistently
associated with increased dementia risk and may contribute to AD through endothelial dysfunction, blood—brain barrier
disruption, impaired amyloid-B clearance, tau pathology, microvascular injury, and cerebral hypoperfusion(4-6). Conversely,
chronic and orthostatic hypotension have also been associated with cognitive impairment and dementia, potentially
through chronic cerebral hypoperfusion, hypoxia, oxidative stress, and neuroinflammation(7-12). Together, these findings
suggest that both elevated and reduced BP may contribute to AD through vascular and neurodegenerative pathways.
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Recent genome-wide association studies (GWAS) have identified numerous loci associated with both AD(14, 15) and BP-
related traits(16). However, despite strong epidemiologic evidence linking BP and AD, studies examining their shared
genetic architecture have produced inconsistent findings. Genome-wide analyses using linkage disequilibrium score
regression (LDSC) generally report weak global genetic correlations between AD and cardiovascular traits(17, 18), while
Mendelian randomization (MR) studies have yielded conflicting evidence regarding the causal relationship between BP and
AD risk(19-22). These inconsistencies suggest that shared genetic influences may be localized to specific genomic
regions that are not captured by genome-wide approaches alone.

To address this gap, we investigated local genetic associations between AD and BP traits to identify specific genomic
regions contributing to both vascular regulation and neurodegeneration. By focusing on locus-specific genetic overlap, this
approach can uncover biological mechanisms linking cardiovascular dysfunction and AD. Clarifying these shared pathways
could improve understanding of AD pathogenesis and inform risk prediction, prevention strategies, and therapeutic target
development.

RESULTS

Global Genetic Correlation

Linkage disequilibrium score regression (LDSC)(23, 24) was used to estimate pairwise genetic correlations (ry) between AD
and each of the three BP traits. All three BP traits showed a weak, yet significant, negative genome-wide correlation with
AD: SBP. 1, = -0.16, SE = 0.03, P = 3.94x107; DBP, 1, = -0.14, SE = 0.03, P = 3.86x10°%; PP 1, = -0.12, SE = 0.03, P = .0002.

Local Genetic Correlation

To assess local correlation, LAVA(25) was used to estimate local r, between AD and each BP trait at 2,495 semi-
independent genomic regions. The full results for all three analyses are available in Supplementary Table 1. Eight loci
showed ry between AD and at least one BP trait with P-values less than the Bonferroni threshold of 2.004x1 0° and genetic
signals in each trait significant at P < 5x10° (Table 1; Supplementary Figure 1). Local rqy is observed between AD and all
three BP traits at three loci: chr2p22.2 (PRKD3), chr7p15.1 (JAZFT), and chr11p11.2 (SPIT); three loci show local ry between

AD and both SBP and PP: chr19q13.32 (APOE), chr8q22.1 (NDUFAF6), and chr2q33.2 (NBEALT); and AD is correlated with
both SBP and DBP at chr8p21.1 (CLU).

Table 1. Significant regions of genetic overlap between AD and at least one BP trait
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Chromosomal Nearest Gene SBP DBP PP

Band Iy P ry P Iy P
chr19q13.32  APOE 24 q150x70°¢* --08 .12 50 3.48x1020*
chr8q22.1 NDUFAF6 -80  91gx10%* -32 .06 =71 1.63x1071%*
chr2q33.2 NBEAL1 -97  353x107* -30 .15 -87  1.07x107*
chr11q24.3 ADAMTSS8 66  5ogx10¢* -08 .60 60 403x107
chr2p22.2 PRKD3 -74  714x10° -45 .02 =99 8.02x10°"
chr7p15.1 JAZF1 -47  288x10® 43 533x10° 29 3.99x103
chr11p11.2 SPI1 64 q118x10% 85 1.07x10%" 90  510x1073
chr8p21.1 CLU 38 .02 81 412x106* -03 .84

abbreviations: SBP = systolic blood pressure; DBP = diastolic blood pressure; PP = pulse pressure; r, = genetic correlation
coefficient

*Significant at Bonferroni threshold of P < 2.004x107°
Conjunctional False Discovery Rate

While LDSC(23, 24) provides estimates of global rg and LAVA(25) calculates local region-based re conjunctional false
discovery rate (conjFDR)(26, 27) leverages cross-trait enrichment to identify genetic overlap between two phenotypes at
each individual genetic variant. 5,354 SNPs, located at 199 independent loci, were identified with conjFDR < .05 between AD
and SBP (Supplementary Table 2 and Supplementary Figure 2); 5,645 SNPs at 94 independent loci overlapped between AD
and DBP (Supplementary Table 3 and Supplementary Figure 3); and 5,785 SNPs at 126 independent loci were shared
between AD and PP (Supplementary Table 4 and Supplementary Figure 4). 42 variants showed a conjFDR < .001 between
AD and at least one BP trait and were deemed high-confidence variants and prioritized for subsequent downstream
analyses. These variants were located across 22 independent LD regions (Table 2 and Supplementary Figure 5). Notably,
Chr2p22.2 (PRKD3), chr2q33.2 (NBEALT), chr8q22.1 (NDUFAF6), chr11p11.2 (SPI1), and chr19q13.32 (APOE locus) were
identified as shared genetic loci between AD and BP in both the LAVA and conjFDR analyses.

Table 2. Loci with conjFDR < .001 between AD and at least one BP trait
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Chromosomal

Band

chr1p34.2
chr2p22.2
chr2q14.3
chr2q33.2
chr3p22.2
chr3g25.2

chr6p21.32

chr7gq22.1

chr8qg22.1
chr8q22.2

chr8q24.3

chr10g23.1

chr11p11.2

chr14q22.1

chr15q22.2

chr16p11.2a

chr16p11.2b

chr17g21.31

chr17qg21.32
chr17q923.3

chr19p13.3

Nearest
Gene(s)

RIMKLA
PRKD3
BINT
NBEAL1
TRANK1
MME

HLA-DRBT,
HLA-DQB1

ZKSCANT,
ZSCANZ21,

AP4AMT,
TAF6,
MCM?7,

LAMTORA4,
RPL7P60

NDUFAF6
SNX31

PLEC,
SPATC1

ZNF519P1,
TSPAN14

SLC39A13-
AS1

FERMTZ2

RPS27L,
LACTB

TMEM219

FBXL19-
AST,
PRSS36
CRHR1,

MAPT,
KANSL1

FLJ40194
ACE

KLF16

AD and SBP

SNP

rs2268987

rs11690153

rs10932008

rs61762319

rs9271515

rs4729578

rs9297949

rs1693551

rs2486304

rs10838702

rs17125944

rs11071733

rs4788203

rs55938136

rs58879558

rs7225606

rs4968783

rs893541

conjFDR

2.60x10™
1.27x10%
5.27x10%
2.00x10%

1.70x10%

8.61x10™

9.14x10®

1.60x107°

4.17x107

1.61x10°8

4.11x10°

1.10x107°

3.50x10™

4.42x107°
3.59x10°
6.64x107
3.23x10712

9.03x10™

AD and DBP

SNP

rs61762319

rs2395516

rs4424195
rs41280968

rs481887

rs1693551

rs11784619
rs79832570

rs7098414

rs10838702

rs78924645

rs55938136
rs58879558

rs7225606

rs4292
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conjFDR

.03

2.41x10%

1.05x10°°

4.65x10

5.52x10%
2.88x107°
1.31x10
3.61x10™%

2.31x10°

3.85x108

2.27x10°

7.21x10°
1.84x107°
1.04x10™

3.82x10712

AD and PP
SNP
rs12403406

rs10932008
rs7624498
rs61762319

rs9271375

rs4582532

rs7098414

rs10838702

rs74825460

rs11071733

rs4788203

rs7185007

rs55938136
rs16940904

rs4968783

rs893541

conjFDR

7.13x10™

6.39x10°

2.61x10™
.002

1.32x10°8

2.21x10°

4.03x10°

1.07x10°8

1.59x10°

7.93x10°
7.04x10™

1.44x10™

.008

3.10x10™

3.59x10%

7.51x10™



chr19q13.32  BCAM, rs118147862 1 1gx705  rs11667829 3 0ex705  rs118147862 37341010

TOMMA0,
Igfg#\l/)lf rs1160983 5 50x10° rs4239533 5 28x104
RELB, rs11668285 rs1160983
EXOC3L2, 1.46x10% 1.48x10°
MARKA, rs10417555 rs117261169
BLOCTS3 2.49x10* 1.84x10
rs11667829 8 rs11668285 8
-5 .
1.72x10 rs10417555 005

-6
rs10415392  1.97x10
rs11667829 5.33x10™

.002

abbreviations: AD = Alzheimer’s disease; SBP = systolic blood pressure; DBP = diastolic blood pressure; PP = pulse
pressure; conjFDR = conjunctional false discovery rate.

“n

note: “-" indicates no significant conjunctional false discovery rate (conjFDR < .05) between the two traits.

Two independent loci were identified within 16p11.2 and are therefore denoted 16p11.2a (rs4788203) and 16p11.2b
(rs78924645 and rs7185007).

cis-Mendelian Randomization

A series of cis-Mendelian randomization (cis-MR) analyses were performed to evaluate the potential causal effects of the
three BP traits on AD within a 1 Mb window centered on each of the 42 high-confidence variants identified by the conjFDR
analyses. The causal effect estimates (0) are reported in Supplementary Table 5, along with SuSiE fine-mapping results
identifying the variants with the highest PIPs within each region. Of the 22 independent LD regions containing the 42 high-
confidence variants (Table 2), the cis-MR results suggest that SBP exerts a significant causal effect (P < .05) on AD at 12
regions (chr2q14.3, chr2q33.2, chr3q25.2, chr7q22.1, chr8q22.2, chr8q24.3, chr10g23.1, chr14q22.1, chr16p11.2a,
chr16p11.2b, chr17q23.3, and chr19q13.32), that DBP exerts an effect at 7 regions (chr3p22.2, chr7q22.1, chr8q22.2,
chr15922.2, chr17q21.32, chr17q23.3, and chr19q13.32), and that PP exerts an effect on AD at 8 regions (chr2q14.3,
chr2q33.2, chr3q25.2, chr11p11.2, chr16p11.2a, chr16p11.2b, chr17g23.3, and chr19q13.32). Several regions showed
evidence across multiple BP traits. Chr17q23.3 (ACE) and chr19q13.32 (APOE locus) demonstrated significant cis-MR
effects of all three BP traits on AD. Significant effects were also shared between SBP and DBP at chr7q22.1 and chr8q22.2,
and between SBP and PP at chr2q14.3, chr2q33.2, chr3q25.2, chr16p11.2a, and chr16p11.2b.

Functional Annotation

To further characterize the potential functional significance of the 42 high-confidence variants, we annotated each variant
using Combined Annotation Dependent Depletion (CADD)(28, 29) (Supplementary Table 6), which identified two missense
variants with PHRED-scaled CADD scores > 20: rs61762319 in MME (PHRED = 22.4) and rs41280968 in AP4M1 (PHRED =
22.8), indicating high predicted functional impact. Several additional variants had PHRED scores > 10, including rs4292
near ACE (PHRED = 15.61),rs11784619 near PLEC (PHRED = 11.02), rs1693551 in SNX37 (PHRED = 10.67), and
rs17125944 in FERMT2 (PHRED = 10.65). Five of these six variants were located in regions showing significant cis-MR
effects of at least one BP trait on AD: rs61762319 for SBP and PP, rs41280968 and rs1693551 for SBP and DBP,
rs17125944 for SBP, and rs4292 for all three BP traits.

Expression Quantitative Trait Loci (eQTL)
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To investigate the potential regulatory effects of the 42 high-confidence variants, we queried significant single-tissue
expression quantitative trait locus (eQTL) associations across blood, artery, cardiac, and brain tissues from the Genotype-
Tissue Expression (GTEx) Project(30) (Supplementary Table 7). Several variants showed significant eQTL associations
across multiple tissues. Variants within the HLA region on chromosome 6 were associated with expression of multiple HLA
genes across vascular, cardiac, whole-blood, and brain tissues, while rs1693551 was consistently associated with SNX317
expression across nearly all evaluated tissues. At chr8q22.1, rs481887, rs4582532, and rs9297949 were associated with
NDUFAF6 expression across several brain and cardiac tissues, with additional associations involving INTS8 and TP53INP1.
The chr16p11.2 variants also demonstrated extensive regulatory associations, including INO8OE and MAPK3 for rs4788203
and KAT8 and PRSS36 for rs7185007 and rs78924645. Variants in the chr17q21.31 region were associated with expression
of LINC02210, LRRC37A4P, and related transcripts across multiple tissues. Notably, the chr17q23.3 variant rs4308 showed
significant associations with ACE expression across multiple tissues, providing additional regulatory evidence implicating
ACE at this shared AD-BP locus. Additional eQTL associations involved genes including BINT, PRKD3, and LACTB.

Integrative Variant Prioritization

Integrative variant prioritization identified several variants with strong convergent evidence across genetic, causal,
functional, and regulatory analyses (Supplementary Table 8). The prioritization framework incorporated evidence from
GWAS association statistics, local genetic correlation, conjFDR, cis-MR, CADD functional annotation, GTEx eQTL
associations, and Agora AD risk scores. Based on the overall composite score, which integrated evidence across all three
BP traits, chr19q13.32 was the most prominently prioritized region, with rs1160983 (TOMM40/NECTIN2) and rs118147862
(BCAM) ranking first and third overall, respectively. Rs1160983 also ranked in the top 10% for all three trait-specific
composite scores, while rs118147862 ranked in the top 10% for SBP and PP and rs4239533 ranked in the top 10% for PP.
Together, these findings identified chr19q13.32 as the region with the most consistent integrative evidence across AD and
the three BP traits. The second-highest ranked variant overall, rs10838702, was located at chr11p11.2 (SLC39A13-AS7),
with additional highly ranked variants implicating chr7q22.1 (ZKSCAN1/ZSCAN21 and AP4M1/TAF6/MCM?7), chr2q33.2
(NBEALT), and chr17923.3 (ACE).

Several additional regions showed high trait-specific composite scores for more than one BP trait. At chr11p11.2,
rs10838702 (SLC39A13-AS7) ranked in the top 10% for both SBP and DBP. At chr17q23.3, rs4968783 ranked in the top 10%
for SBP and rs4292 ranked in the top 10% for DBP. These two variants are in strong LD (r2 = .95)(31), suggesting that their
trait-specific prioritization reflects a shared underlying signal within the ACE region. At chr7q22.1, rs41280968
(AP4M1/TAF6/MCM7) was prioritized for SBP, whereas rs4424195 (ZKSCAN1/ZSCAN21) was prioritized for DBP. In contrast
to the ACE variants, rs41280968 and rs4424195 are not in LD (r? = .04)(31), suggesting distinct signals within the same
genomic region. At chr17g21.31, rs16940904 (KANSL1) ranked in the top 10% for DBP, while rs58879558 (MAPT) ranked in
the top 10% for PP.

After accounting for prioritized variants occurring within the same genomic regions, chr2q33.2 represented the primary
trait-specific signal, with rs10932008 (NBEAL 1) ranking in the top 10% for PP but not SBP or DBP. For SBP or DBP no
regions were uniquely prioritized after grouping nearby variants within their corresponding loci.

DISCUSSION

In this study, we integrated complementary genetic and functional approaches to characterize the shared architecture
between AD and BP traits. Although genome-wide genetic correlations were modest and negative, analyses at the locus
level revealed substantially greater heterogeneity, with a smaller set of regions showing convergence across local genetic
correlation, cross-trait enrichment, cis-MR, functional annotation, gene expression, and AD-specific multi-omic evidence.
The findings indicate that the relationship between BP and AD is unlikely to reflect a single genome-wide mechanism but
instead involves multiple locus-specific pathways, some shared across BP traits and others more trait-specific. The
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analysis reinforced signals at established AD-BP loci while identifying additional loci that may provide new insight into the
biological connections between vascular regulation and neurodegeneration.

The chr19q13.32 APOE region and the chr17g23.3 loci near ACE emerged as two of the strongest regions of convergence,
consistent with the established roles of these loci in AD and vascular biology. Chr19g13.32 showed the strongest overall
convergence across the integrative analyses, with multiple variants and genes within the region consistently prioritized,
including TOMMA40, NECTIN2, and BCAM. The prominence of this region is expected given the established role of APOE in
AD susceptibility and its extensive involvement in lipid and vascular biology(32). However, the prioritization of multiple
genes and variants suggests that the shared AD-BP signal at this locus may extend beyond the canonical APOE effect and
reflect a broader regulatory and vascular architecture. Similarly, chr17q23.3 near ACE showed particularly strong
convergence across BP traits, including cis-MR, regulatory associations with ACE expression, and functional annotation.
Because ACE is already established in BP regulation(33) and has been implicated in AD(34), these findings do not represent
a novel association at the locus. Rather, the convergence of independent genetic, causal, and regulatory evidence
strengthens the biological link between renin-angiotensin signaling, vascular homeostasis, and AD. Effects of this pathway
on cerebral blood flow, blood—brain barrier integrity, oxidative stress, and neuroinflammation provide plausible mechanisms
through which altered vascular regulation could contribute to neurodegeneration.

Beyond these established loci, several regions emerged as potentially novel contributors to the shared AD-BP architecture.
The chr2q33.2 region near NBEAL 1 was particularly notable because it showed convergence across local genetic
correlation, cross-trait enrichment, and cis-MR, with evidence involving both SBP and PP and stronger representation in the
PP-specific prioritization. This locus is biologically compelling because NBEALT has been implicated in arterial lipid biology,
coronary artery disease, and white matter hyperintensity burden(35, 36), while recent multi-omic evidence has linked
NBEALT to AD-related vascular phenotypes(37). The convergence observed here therefore strengthens the possibility that
NBEALT represents a molecular connection between lipid handling, cerebrovascular dysfunction, and neurodegeneration.
Its stronger association with PP may be particularly informative, as PP captures aspects of arterial stiffness and vascular
aging that are not fully represented by SBP or DBP.

Additional novel loci further broaden the biological interpretation of the shared architecture. The chr11p11.2 region near
SPIT showed local genetic correlation across all three BP traits and was independently supported by cross-trait enrichment
and variant prioritization. SPI7, which encodes the transcription factor PU.1, plays a central role in myeloid-cell
differentiation and immune regulation(38). Lower SPIT expression has been associated with delayed AD onset, while the
PU.1 cistrome is enriched for AD heritability and experimental modulation of PU.1 alters AD-related gene expression and
microglial phagocytic activity(39). Its identification in the AD-BP analysis raises the possibility that immune and vascular
processes intersect in AD susceptibility, potentially through neuroinflammatory or vascular inflammatory pathways. The
chr8q22.1 region near NDUFAF6 provides a complementary signal implicating mitochondrial biology. NDUFAF6 encodes an
assembly factor required for mitochondrial complex | function(40), and mitochondrial has been implicated in both impaired
vascular homeostasis(41) and neurodegenerative processes, including AD(42). The convergence of genetic and regulatory
evidence at this locus therefore raises the possibility that altered cellular energy metabolism may contribute to the
interface between vascular dysfunction and AD. Together, these loci extend the shared AD-BP architecture beyond
established lipid and vascular pathways to include immune and mitochondrial mechanisms.

Collectively, the pattern of findings suggests that AD-BP genetic overlap is distributed across multiple biologically distinct
pathways rather than driven by a single vascular mechanism. The established APOE and ACE loci provide important
anchors and demonstrate that the integrative framework captures biologically credible AD-BP signals. In contrast, the
convergence observed at NBEAL1, SPI1, and NDUFAF6 provides potentially new mechanistic insight and identifies loci that
may be particularly informative for future functional studies. The differences in loci prioritized across SBP, DBP, and PP
further suggest that these traits should not be considered interchangeable measures of vascular biology in relation to AD,
but rather may capture partially distinct pathways contributing to neurodegenerative risk.
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This study has several strengths, including the use of large GWAS datasets and integration of complementary approaches
that capture distinct aspects of genetic overlap. This multilevel framework enabled us to identify loci supported by
convergent genetic, causal, functional, regulatory, and AD-specific evidence rather than relying on any single analytic
approach. However, several limitations warrant consideration. The cis-MR findings provide supportive but not definitive
evidence for causality, as estimates may be influenced by horizontal pleiotropy, complex LD, weak-instrument behavior, or
reverse causality. Similarly, functional annotation and eQTL analyses provide biological context but do not establish the
causal variant, gene, or cell type. Analyses were restricted to European-ancestry individuals, limiting generalizability to other
populations, and the use of summary statistics precluded evaluation of individual-level interactions and non-additive
effects. Functional analyses were further constrained by available tissues and bulk-tissue resolution. Finally, the composite
score was designed to capture convergence across evidence types rather than provide a formal probability of causality;
prioritized variants and loci should therefore be regarded as candidates for further investigation and hypothesis generation
rather than definitive causal mechanisms.

CONCLUSIONS

Our findings reveal a heterogeneous genetic architecture linking AD and BP, with established loci such as APOE and ACE
providing biological anchors and less-established loci including NBEAL1, SPI1, and NDUFAF6 identifying potentially
actionable pathways at the vascular-neurodegenerative interface. By resolving shared genetic effects into locus- and BP-
trait-specific mechanisms, this framework provides a foundation for prioritizing therapeutic targets, developing vascular
biomarkers, and identifying genetically defined patient subsets most likely to benefit from vascular or pathway-specific
interventions. Ultimately, integrating vascular and AD genetic architecture may advance precision approaches to AD
prevention and treatment by linking molecular mechanisms to biomarker development and targeted therapeutic strategies.

METHODS

Utilized Genomic Data

Summary statistics were obtained from the largest and most recent publicly available GWAS on AD(14) and BP(16) that
have been conducted on individuals of European ancestry. The AD GWAS meta-analyzed results from 39,106 clinically
diagnosed AD cases, 46,828 proxy AD and related dementia cases, and 401,577 cognitively normal controls across 10
cohorts (Supplementary Table 9): the European Alzheimer & Dementia Biobank (EADB), the GR@ACE study, the European
Alzheimer’s Disease Initiative (EADI), the Genetic and Environmental Risk in AD (GERAD) study, DemGene, Bonn, the
Rotterdam study, the Copenhagen City Heart Study (CCHS), the Neocodex—Murcia (NxC) study, and the UK Biobank (UKB).
The BP meta-analysis included 1,028,751 individuals from four cohorts: the Million Veteran Program (MVP), Vanderbilt
University’s BioVU, the UK Biobank (UKB), and the International Consortium for Blood Pressure (ICBP) (Supplementary
Table 10). Genome-wide association analyses were performed for SBP, DBP, and PP.

Global Genetic Correlation Analyses

LDSC was used to estimate pairwise global genetic correlation between AD and each of the three BP traits using the GWAS
summary statistics. Alleles from all four summary statistics were first aligned to the 1000 Genomes Phase 3 European
reference panel(43). The summary statistics were then harmonized and reformatted (using the same reference panel(43))
with the munge_sumstats.py utility included in the LDSC software package(23, 24), which converts GWAS summary
statistics into a standardized format, filters out non-SNP variants and strand-ambiguous SNPs, and removes SNPs with
duplicated RSIDs, invalid/missing p-values, low imputation quality, and/or minor allele frequency less than or equal to .01.
The "-rg’ function in LDSC estimates the genetic correlation between two traits by calculating the cross-product of Z-scores
from both traits at each SNP and regressing this value from the SNP’s LD score. The slope of this regression (which
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captures the genome-wide covariance structure) is then standardized by the heritabilities of each trait to estimate the
genetic correlation (rg)(23).

Local Genetic Correlation Analyses

Local genetic correlation analyses between Alzheimer's disease (AD) and each blood pressure (BP) trait were performed
using LAVA (Local Analysis of [co]Variant Association)(25). LAVA partitions the genome into 2,495 semi-independent loci
based on linkage disequilibrium and estimates locus-specific bivariate genetic correlations while accounting for sampling
covariance and sample overlap. Statistical significance was determined using a Bonferroni-corrected threshold of P <
2.004x10"-5.

Conjunctional False Discovery Rate

To evaluate genetic overlap between AD and BP at the variant level, we applied the conjFDR framework implemented in the
pleioFDR toolbox(26, 27), which leverages cross-trait enrichment between two phenotypes. First, conditional quantile-
quantile (Q-Q) plots were constructed by stratifying SNPs according to their level of association with a secondary
phenotype (BP) and plotting observed versus expected -log10(p) values for the primary phenotype (AD). Progressive
leftward deflection of these curves with increasing levels of association in the secondary phenotype is interpreted as
evidence of cross-trait enrichment. Fold-enrichment plots were additionally generated to quantify enrichment as the ratio of
the cumulative -log10(p) distribution within each stratum relative to all SNPs. To minimize confounding from population
stratification and relatedness, test statistics were corrected for genomic inflation using intergenic SNPs. SNPs were further
pruned to approximate independence by randomly selecting one SNP per linkage disequilibrium block (r2 > 0.1) across 500
iterations. The conditional false discovery rate (condFDR) for each SNP was then estimated using a two-dimensional
lookup table, computing the FDR for the primary phenotype conditional on the P-values of the secondary phenotype.

conjFDR was applied to identify loci jointly associated with both phenotypes. This was calculated as the maximum of the
two condFDR values obtained by alternating the roles of the primary and secondary phenotypes, providing a conservative
estimate of shared association. This combined approach improves power for SNP discovery and enables identification of
shared genetic loci, independent of effect direction. Three conjFDR analyses were performed with a conjFDR threshold of
0.05 using the summary statistics for AD and the three BP traits that were aligned and QCed with munge_sumstats.py(24)
and the 1000 Genomes Phase 3 European reference panel(43) as described above. Variants in the major histocompatibility
complex region (chr6: 25119106-33854733) were excluded.

AD was always the primary phenotype, and each of the three BP traits (SBP, DBP, and PP) was entered as the secondary
phenotype. Cross-trait enrichment was visualized using conditional quantile-quantile (Q-Q) plots, which display the
distribution of P-values for a primary phenotype across all SNPs and for SNP strata defined by their association strength
with the secondary phenotype. Significant variants were grouped into genomic loci using the locus-definition procedure
implemented in pleioFDR, which clusters associated variants according to local LD structure and identifies a single lead
SNP to represent each locus(26). To focus subsequent analyses on variants with the strongest evidence of shared
association, variants with a conjFDR < 0.001 between AD and at least one BP trait were designated as high-confidence
variants and selected for downstream cis-MR, functional annotation, eQTL, and integrative prioritization analyses.

cis-Mendelian Randomization Analyses

cis-MR is an instrumental variable (IV) method that utilizes genetic variants (in proximity to a target gene or SNP) as IVs to
estimate the causal effects of exposures (e.g., BP) on outcomes (e.g., AD)(44). Cis-MRBEE(45) estimates causal effects
using a penalized regression framework applied to predicted GWAS effects. Sparse exposure effects are identified using
the Sum of Single Effects (SuSiE)(46), which selects nonzero instruments and defines 95% credible sets. To reduce bias
from weak instruments, Cis-MRBEE incorporates an unbiased estimating equation. At each iteration, causal effect
estimates are updated by solving a bias-corrected score equation, ensuring consistency even when standard estimating
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equations would otherwise yield biased estimates. Because SuSiE-based predictions can produce highly correlated or
identical exposures, particularly in regions with limited genetic resolution, Cis-MRBEE introduces an additional discrete
differential penalty. This penalty operates within SuSiE-defined credible sets, constraining exposure-specific effects to be
similar and effectively treating variants within a credible set as a single signal. This approach mitigates collinearity and
stabilizes estimation.

Three analyses were performed with cis-MRBEE: AD was always the outcome and each of the three BP traits (SBP, DBP, and
PP) were entered as exposures. For each locus identified with conjFDR, we created a 1 Mb window (500 kb up and down
from the lead SNP) and then applied the CisMRBEE_UV function from the ‘MRBEEX' R package to this region. All variants in
these regions were extracted from the summary statistics for AD(14) and BP(16), which were previously aligned to the
1000 Genomes Phase 3 European reference panel(43) as described above. Sample overlap between AD and each BP trait
was estimated with LDSC(23, 24) and the Principal Orthogonal complEment Thresholding (POET) method(47) was used to
shrink the 1000 Genomes reference panel. Genetic variants were clumped using PLINK(48) with r2< 0.64 and p < .001 to
remove highly correlated variants while preserving informative proxies for causal variants and the correlation matrix
between exposure and outcome estimation errors (Rxy) was set to account for potential sample overlap, with minimal
correlation (0.01) used between AD and BP. Maximum causal signals for fine-mapping (xQTL.max.L) was set to 5, posterior
inclusion probability (PIP) threshold (xQTL.pip.thres) was set to 0.5, minimum PIP for credible set purification
(xQTL.pip.min) was set to 0.2, the ADMM penalty parameter (admm.rho) was set to 1, and the tuning parameter vector for
direct causal effect penalization was entered as such: ‘tauvec = seq(1.5, 4, by =0.2)".

Functional Annotation

Functional annotation was performed for the 42 high-confidence variants identified by the conjFDR analyses using CADD
v1.7 (https://cadd.bihealth.org/info)(28, 29). CADD integrates diverse genomic annotations, including conservation metrics,
regulatory information, and protein-level predictions, using a machine learning framework that contrasts observed human
variants with simulated mutations. PHRED-scaled CADD scores were obtained for each variant, with higher scores
indicating greater predicted deleteriousness (e.g., scores =20 correspond to the top 1% of predicted deleterious variants).

CADD also annotates variants using existing gene models to identify overlapping genes and predicted functional
consequences (e.g., intronic, synonymous, or missense). Variants may be assigned to multiple genes or transcripts when
they overlap more than one genomic feature. For noncoding variants, these annotations reflect genomic overlap and do not
necessarily identify the gene through which the variant exerts a regulatory effect.

Expression Quantitative Trait Loci

eQTL data were obtained using the gtexr R package(49), which queries the GTEx API V2 to retrieve data from GTEx(30). The
get_significant_single_tissue_eqtls function was used to extract the most significant eQTL association reported by GTEx
for each high-confidence variant within each evaluated tissue. Associations were queried across tissues relevant to
vascular and neurological function, including whole blood, artery (aorta, coronary, and tibial); heart (atrial appendage and
left ventricle), and brain (amygdala, anterior cingulate cortex, caudate [basal ganglia], cortex, frontal cortex, hippocampus,
hypothalamus, nucleus accumbens [basal ganglia], putamen [basal ganglia], and substantia nigra).

Agora AD Risk Scores

The Agora AD Knowledge Portal (https://agora.adknowledgeportal.org/) summarizes a variety of genetic and epigenetic
evidence to calculate scores that represent the association between a gene and AD risk(50). The Genetic Risk Score ranges
from 0-3 and incorporates evidence from 24 GWAS, including GWAS-by-proxy analyses, three quantitative trait locus
studies, supporting phenotypic data from human and/or animal models, and information regarding gene modeling within
the MODEL-AD consortium. The Multi-omic Risk Score ranges from 0—-2 and incorporates transcriptomic and proteomic
evidence, including RNA-sequencing and protein-abundance data across multiple neocortical tissues. The Target Risk
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Score is calculated as the sum of the Genetic and Multi-omic Risk Scores and was used as the gene-level Agora metric in
the present study.

Integrative Variant Prioritization

To integrate evidence across complementary genetic, causal, functional, and regulatory analyses, we developed a
composite scoring framework to prioritize the high-confidence variants identified by conjFDR. An overall composite score
incorporating evidence across all three BP traits was calculated, along with trait-specific composite scores for SBP, DBP,
and PP.

The prioritization framework incorporated evidence from GWAS association statistics, local genetic correlation, conjFDR,
cis-MR, CADD functional annotation, GTEx eQTL associations, and Agora AD risk scores. Statistical significance measures
were -log10 transformed such that larger values represented stronger evidence of association. This transformation was
applied to GWAS P-values, LAVA local genetic correlation P-values, cis-MR P-values, and conjFDR values. Although conjFDR
is not a P-value, smaller conjFDR values indicate stronger evidence of shared association and were therefore transformed
in the same manner for incorporation into the composite score. For the eQTL component, tissue-specific P-values were -
log10 transformed, and the transformed values were averaged across tissues with available eQTL data to generate a single
mean eQTL score for each variant. This approach ensured that eQTL evidence contributed a single component to the
composite score rather than weighting each tissue-specific association independently. For the Agora component, the
Target Risk Score was obtained for the gene annotated to each high-confidence variant by CADD. When a variant was
annotated to multiple genes, the mean of the available Target Risk Scores across those genes was calculated to generate a
single Agora score for that variant. Variants for which no Target Risk Score was available were treated as missing for this
component of the composite score. All continuous components were subsequently standardized as z-scores to place the
different sources of evidence on a common scale. The CADD PHRED score, mean eQTL score, and mean Agora Target Risk
Score each contributed a single standardized component. Missing values were excluded from calculation of the composite
scores rather than assigned a value. For the overall composite score, the standardized components included the AD, SBP,
DBP, and PP GWAS association statistics; AD-SBP, AD-DBP, and AD-PP conjFDR values; AD-SBP, AD-DBP, and AD-PP local
genetic correlation P-values; AD-SBP, AD-DBP, and AD-PP cis-MR P-values; and the CADD PHRED, mean eQTL, and mean
Agora Target Risk Scores. The overall composite score was calculated as the mean of all available standardized
components for each variant. For the trait-specific composite scores, components were restricted to evidence relevant to
the corresponding BP trait. The SBP composite score incorporated the AD and SBP GWAS association statistics, AD-SBP
conjFDR value, AD-SBP local genetic correlation P-value, AD-SBP cis-MR P-value, CADD PHRED score, mean eQTL score,
and mean Agora Target Risk Score. Corresponding components were used for the DBP and PP composite scores. Higher
composite scores indicated stronger convergent evidence across the incorporated genetic, causal, functional, and
regulatory measures. Variants were ranked according to their overall and trait-specific composite scores, and percentile
ranks were calculated to facilitate comparison across variants.
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