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Abstract

Alzheimer’s disease (AD) involves convergent neuronal, metabolic, vascular, and immune disturbances, yet reproducible genes
linking tissue-level dysregulation to genetic liability remain incompletely defined. This study integrated three human
hippocampal bulk-transcriptome datasets, two-sample Mendelian randomization (MR), and single-nucleus transcriptomic data
to identify and characterize candidate AD genes. Differential expression was analyzed separately in GSE29378, GSE36980, and
GSE48350, and ranked gene lists were combined by robust rank aggregation (RRA). Genetically supported genes were obtained
using expression-associated variants as exposures and FinnGen AD summary statistics as the outcome. RRA genes were
intersected with directionally concordant MR results. Human hippocampal nuclei from GSE163577 were processed with Seurat
and Harmony and annotated using SingleR with marker-based review. The three bulk datasets were then merged after ComBat
batch correction for gene set enrichment analysis (GSEA), CIBERSORT immune deconvolution, gene-immune correlation
analysis, and construction of a four-gene nomogram with decision curve analysis (DCA). RRA and MR converged on four genes:
HVCN1 and LAPTM5 were upregulated and associated with increased AD odds, whereas GAS7 and PARM1 were
downregulated and associated with reduced odds. Single-nucleus mapping localized HVCN1 and LAPTM5 predominantly to
microglia, while GAS7 showed broader neuronal and oligodendroglial expression. GSEA separated immune/complement
programs from neuronal and bioenergetic pathways across the four genes. Gene expression also correlated with selected immune-
cell fractions, and the combined model showed positive net benefit across a broad range of threshold probabilities. These findings
nominate HVCNL1, LAPTM5, PARM1, and GASY as biologically coherent candidate markers connecting genetic susceptibility,
cell-type specificity, immune remodeling, and hippocampal dysfunction in AD. Independent cohorts and experimental studies
are required before clinical translation.
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1. Introduction

Alzheimer’s disease (AD) is a progressive neurodegenera-
tive disorder in which amyloid and tau pathology unfolds
within a multicellular tissue response involving synapses, glia,
vasculature, metabolism, and innate immunity. The hippo-
campus is particularly vulnerable, but molecular signals meas-
ured in post-mortem tissue vary across cohorts, platforms,
brain subregions, and cellular composition. Consequently, a
gene detected in one expression dataset may reflect technical
noise or downstream disease effects rather than a robust com-
ponent of AD biology [1].

Public transcriptomic resources provide complementary ev-
idence. GSE29378 profiled regional and cell-type-associated
changes in AD, GSE36980 characterized post-mortem brains
from the Hisayama study, and GSE48350 examined age- and
disease-associated expression across multiple brain regions
[2-4]. In parallel, GSE163577 provides single-nucleus resolu-
tion of the human brain vasculature and associated hippocam-
pal cell populations in control and AD samples [5]. Integrating
these resources can reduce cohort-specific bias while restoring
cellular context that is lost in bulk tissue.

We therefore designed a triangulation workflow that re-
quired agreement between cross-cohort differential expres-
sion and genetic causal evidence. Ranked differential-expres-
sion signals from three bulk datasets were integrated by robust
rank aggregation (RRA), then intersected with genes sup-
ported by two-sample MR. The resulting candidates were

mapped to hippocampal cell types, linked to pathway activity
and inferred immune composition, and combined in an explor-
atory diagnostic model. The analysis identified HVCNL,
LAPTM5, PARML1, and GAS7 as four candidate genes con-
necting immune and bioenergetic alterations with AD suscep-
tibility.

2. Materials and Methods

2.1. Study Design and Data Sources

The study was an in-silico secondary analysis of publicly
available human data. Bulk hippocampal expression matrices
and phenotype annotations were obtained from the Gene Ex-
pression Omnibus (GEO): GSE29378, GSE36980, and
GSE48350 [2-4]. The analyzed cohorts comprised 56 AD and
66 control profiles in total. Single-nucleus data were obtained
from GSE163577 [5]. Expression quantitative-trait exposure
data were paired with FinnGen AD outcome summary statis-
tics (outcome file finn-b-G6_ALZHEIMER) for two-sample
MR. The workflow is summarized by the sequence: cohort-
specific differential expression, RRA integration, MR filtering,
single-cell localization, pathway and immune analyses, and
exploratory prediction modeling.

Table 1. Public datasets used in the integrated analysis.

Dataset Data type / platform AD
GSE29378 Bulk; Hlumina HumanHT-12 31
v3
Bulk; Affymetrix Human
GSE36980 Gene 1.0 ST 7
GSE48350 ZBl(J)"(; Affymetrix U133 Plus 18
GSE163577 Human single-nucleus RNA 9

sequencing

2.2. Bulk Differential Expression and RRA

Probe-level matrices were mapped to gene symbols and du-
plicate probes were averaged. Within each dataset, AD and
control samples were compared using limma [6]. Genes with
[log2 fold change| > 0.5 and adjusted P < 0.05 were classified
as differentially expressed for the volcano plots. For cross-co-
hort integration, genes were ranked separately from most up-

Control Role

32 Differential expression, RRA, merged analysis

10 Differential expression, RRA, merged analysis

24 Differential expression, RRA, merged analysis

8 Cell annotation, proportions, candidate-gene map-
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ping

regulated to most downregulated in each dataset. The Robus-
tRankAggreg package was used to calculate an RRA proba-
bility for concordant ranks [7]. Candidate RRA genes were
retained at P < 0.05 with mean log2 fold change > 0.3 for up-
regulation or < -0.3 for downregulation; Bonferroni-adjusted
values were also calculated and reported in the RRA output.

2.3. Two-Sample Mendelian Randomization

Expression-associated single-nucleotide polymorphisms
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passing P <5 x10® were used as instrumental variables. Ex-
posure and FinnGen AD outcome alleles were harmonized
with TwoSampleMR [8, 9]. Variants not retained after harmo-
nization or directly associated with the outcome at P < 0.05
were excluded. Causal estimates were generated using MR-
Egger, weighted median, inverse-variance weighted (IVW),
simple mode, and weighted mode methods. Screening re-
quired IVW P < 0.05, concordant odds-ratio direction across
all five estimators when all were available, and no evidence of
directional horizontal pleiotropy (MR-Egger intercept P >
0.05). RRA-upregulated genes were intersected with MR odds
ratios > 1, whereas RRA-downregulated genes were inter-
sected with odds ratios < 1.

2.4. Single-nucleus Processing and Cell
Annotation

GSE163577 count matrices were analyzed in Seurat [10].
Genes detected in at least five nuclei and nuclei with >100 ex-
pressed genes were retained; nuclei with mitochondrial tran-
script percentage >10% were excluded. Counts were log-nor-
malized (scale factor 10,000), 1,500 variable genes were se-
lected, and 20 principal components were computed. Sample
effects were integrated with Harmony, followed by graph-
based clustering at resolution 0.6 and t-distributed stochastic
neighbor embedding (t-SNE). Cell identities were assigned
using SingleR with the Human Primary Cell Atlas and manu-
ally reviewed against canonical markers [11]. Seven major
classes were used: astrocytes, endothelial cells, microglia,
neurons, oligodendrocytes, oligodendrocyte precursor cells
(OPCs), and vascular smooth muscle cells (VSMCs). Cell-
type markers required |average log2 fold change| > 1 and ad-
justed P < 0.05. Candidate-gene expression was summarized
by mean expression and percentage of positive nuclei.

2.5. Integrated Pathway and Immune Analyses

Genes shared across the three bulk matrices were merged,
and dataset batch was adjusted by parametric empirical-Bayes
ComBat in the sva package [12]. AD samples were divided at
the median expression of each candidate gene. A ranked dif-
ference between high- and low-expression groups was tested
against the MSigDB C2 curated KEGG collection using clus-
terProfiler GSEA; pathways with nominal P < 0.05 were dis-
played [13]. CIBERSORT with 1,000 permutations estimated
22 leukocyte fractions, and samples with deconvolution P <
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0.05 were retained [14]. Among AD samples, Spearman cor-
relations were calculated between each candidate gene and
each non-invariant immune fraction. Link significance was
defined as P < 0.05; line width represented [rho|.

2.6. Nomogram, Decision Curves, and
Statistical Analysis

A multivariable logistic regression model containing
HVCN1, LAPTM5, PARML, and GAS7 was fitted to the
ComBat-adjusted combined cohort using rms, and a nomo-
gram converted total points to predicted AD probability. Clin-
ical utility was explored with rmda DCA over threshold prob-
abilities from 0 to 1 with 50 bootstrap resamples [15]. Except
where adjusted P values were explicitly used, tests were two-
sided and P < 0.05 was considered statistically significant. Be-
cause the model was developed and evaluated in the same
merged dataset, its performance was interpreted as explora-
tory rather than externally validated.

3. Results

3.1. Cross-cohort Expression and MR
Converged on Four Genes

At the prespecified volcano-plot thresholds, GSE29378
contained 106 upregulated and 27 downregulated genes,
GSE36980 contained 12 upregulated and 157 downregulated
genes, and GSE48350 contained 176 upregulated and 367
downregulated genes (Figure 1A-C). Despite marked varia-
tion in the number and direction of DEGs, RRA recovered a
consistent cross-dataset signature (Figure 1D). The RRA-
down/MR-protective intersection contained GAS7 and
PARM1, whereas the RRA-up/MR-risk intersection con-
tained HVCN1 and LAPTMS5 (Figure 1F, G).

IVW MR estimates were directionally concordant with the
bulk expression results: GAS7, odds ratio (OR) 0.890 (95%
confidence interval [CI] 0.793-0.999; P = 0.048); PARM1,
OR 0.847 (95% CI 0.725-0.990; P = 0.037); HVCNL1, OR
1.237 (95% CI 1.001-1.529; P = 0.049); and LAPTM5, OR
1.111 (95% CI 1.002-1.232; P = 0.046) (Figure 1E). Thus,
both expression direction and genetically estimated effect di-
rection supported the same four candidates.
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Figure 1. Multi-cohort differential expression, robust rank aggregation, and Mendelian randomization identify four candidate genes. (A-C)
Volcano plots for GSE29378, GSE36980, and GSE48350, respectively (|log2 fold change| > 0.5; adjusted P < 0.05). (D) RRA heatmap showing
representative consistently upregulated (red) and downregulated (green) genes and their mean log2 fold changes across datasets. (E) Forest
plot of five MR estimators for GAS7, HVCNL1, LAPTM5, and PARM1; the principal estimates reported in the text are IVW estimates. (F)
Intersection of RRA-downregulated genes with MR genes having OR < 1. (G) Intersection of RRA-upregulated genes with MR genes having
OR > 1. ClI, confidence interval; DEG, differentially expressed gene; IVW, inverse-variance weighted; MR, Mendelian randomization; OR,

odds ratio; RRA, robust rank aggregation.

3.2. Single-nucleus Analysis Resolved Cell-type

Context

t-SNE separated seven major hippocampal cell classes, in-

cluding neural, glial, and vascular populations (Figure 2A).
Control and AD samples showed visibly different cell-type
compositions, with disease-associated expansion of the oli-
godendrocyte fraction and relative changes in endothelial and
vascular smooth muscle compartments (Figure 2B); these de-
scriptive proportions were not treated as formal compositional
tests. Cell-type marker analysis revealed distinct transcrip-
tional programs across all seven classes (Figure 2C). Candi-
date-gene mapping showed preferential microglial expression
of LAPTM5 and HVCN1, broader neuronal and oligoden-
droglial expression of GAS7, and comparatively sparse
PARML1 detection (Figure 2D). These patterns placed the two
risk-direction genes within an immune-resident cellular con-
text and the strongest protective-direction signal within neu-
ral/glial compartments.
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3.3. Candidate Genes Marked Opposing
Immune and Bioenergetic Programs

Gene-stratified GSEA in the batch-adjusted AD cohort re-
vealed coordinated but distinct pathway profiles (Figure 2E-
H). High GAS7 expression was positively associated with the
tricarboxylic-acid cycle, oxidative phosphorylation, and neu-
rodegeneration-related KEGG sets, while cytokine-receptor,
complement/coagulation, extracellular-matrix (ECM) recep-
tor, and JAK-STAT programs were enriched in the low-GAS7
group. HVCNL1 displayed the reciprocal pattern: high expres-
sion tracked with complement/coagulation, ECM-receptor in-
teraction, focal adhesion, and systemic lupus erythematosus
pathways, whereas low expression tracked with calcium sig-
naling, oxidative phosphorylation, and AD/Parkinson disease
sets. High LAPTMS5 expression was associated with antigen
processing, complement/coagulation, systemic lupus erythe-
matosus, and infection-related immune pathways; low expres-
sion was associated with axon guidance, neuroactive ligand—
receptor interaction, long-term potentiation, and MAPK sig-
naling. PARM1 showed positive enrichment of phosphatidyl-
inositol, calcium, and synaptic plasticity pathways, with im-
mune-sensing and complement pathways enriched in the low-
expression group.
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Figure 2. Cellular localization and pathway associations of the four candidate genes. (A) t-SNE map of GSE163577 nuclei annotated into
seven major hippocampal cell classes. (B) Descriptive cell-type proportions in control and AD samples. (C) Cell-type marker volcano plot;
red and blue denote significantly upregulated and downregulated markers. (D) Dot plot of GAS7, PARM1, LAPTM5, and HVCN1; dot size
represents the percentage of expressing nuclei and color represents average expression. (E-H) KEGG GSEA for GAS7, HVCNL, LAPTMS,
and PARM1, respectively, after ComBat integration of GSE29378, GSE36980, and GSE48350. Positive normalized enrichment scores indicate
enrichment in the high-expression group, and negative scores indicate enrichment in the low-expression group. AD, Alzheimer’s disease;
GSEA, gene set enrichment analysis; OPC, oligodendrocyte precursor cell; t-SNE, t-distributed stochastic neighbor embedding; VSMC, vas-

cular smooth muscle cell.

3.4. Immune Correlations and Exploratory
Clinical Utility

The LinkET network integrated correlations among in-
ferred immune fractions with gene-immune associations in
AD samples (Figure 3A). Significant links included positive
associations of HYCN1 with resting CD4 memory T-cell and
activated dendritic-cell fractions, a positive association of
GAS7 with regulatory T-cell abundance, and an inverse asso-
ciation between PARM1 and eosinophils. The remaining
gene—cell pairs were weaker or non-significant. These results
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support immune coupling but do not establish recruitment,
cell number, or direction of causation.

The four-gene logistic model was translated into a nomo-
gram that assigned expression-dependent points for HVCN1,
LAPTMb5, PARM1, and GAS7 and mapped total points to AD
probability (Figure 3C). In DCA, the model provided greater
net benefit than the treat-all and treat-none strategies across
much of the clinically relevant threshold range, with benefit
declining and becoming unstable at high thresholds (Figure
3B). Because the same merged cohort supported model fitting
and evaluation, these curves demonstrate potential utility ra-
ther than transportable diagnostic accuracy.
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Figure 3. Immune associations and exploratory four-gene prediction model. (A) LinkET visualization of immune-cell intercorrelations and
Spearman associations between candidate-gene expression and CIBERSORT fractions in AD samples. Heatmap color denotes immune-cell
correlations; connecting-line color denotes positive, negative, or non-significant gene-immune associations, and line width denotes absolute
correlation magnitude. (B) Decision curve analysis of the HYCN1-LAPTM5-PARM1-GAS7 logistic model compared with treat-all and treat-
none strategies. (C) Nomogram estimating AD probability from the four-gene model. AD, Alzheimer’s disease.

4. Discussion

This integrative analysis nominated four genes whose di-
rections agreed across heterogeneous transcriptomic cohorts
and genetically anchored MR. HVCN1 and LAPTMS5 formed
an immune/lysosomal axis: both were upregulated in bulk AD
tissue, had ORs above 1 in IVW MR, and were preferentially
expressed in microglia. Their high-expression GSEA profiles
emphasized complement, antigen processing, ECM interac-
tion, and inflammatory signaling. By contrast, GAS7 and
PARM1 showed protective-direction MR estimates and lower
expression in AD, with pathway associations involving neu-
ronal energetics, calcium signaling, and synaptic plasticity.
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The cell-specific findings are compatible with the recog-
nized cellular phase of AD, in which microglial and comple-
ment responses can contribute to synapse remodeling and loss
[1, 16]. HVCN1 encodes the voltage-gated proton channel
Hv1, which supports charge compensation during phagocyte
NADPH-oxidase activity; experimental work in brain injury
has linked Hv1-dependent microglial reactive oxygen species
to neuronal damage [17]. Its association with comple-
ment/ECM pathways and inferred immune fractions therefore
provides a plausible, although not AD-specific, inflammatory
mechanism. LAPTMS5 is a lysosomal transmembrane protein
enriched in hematopoietic lineages, consistent with the ob-
served microglial localization and antigen-processing signa-
ture. The present data prioritize both genes for experiments
examining microglial activation state, lysosomal flux, and
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neuron-glia interactions.

GAST7 is involved in cytoskeletal organization and neuronal
morphogenesis. Its broader neuronal/oligodendroglial distri-
bution, protective-direction MR estimate, and association with
oxidative phosphorylation and tricarboxylic-acid-cycle path-
ways suggest that reduced GAS7 may accompany loss of
structural and bioenergetic resilience. PARM1 was detected at
lower levels but linked genetically to reduced AD odds and
transcriptionally to phosphatidylinositol, calcium, and long-
term plasticity pathways.

The nomogram and DCA offer a compact translation of the
four-gene signature, but they should not be considered a clin-
ical diagnostic tool. Post-mortem hippocampal expression
cannot directly substitute for a blood, cerebrospinal-fluid, or
imaging biomarker. In addition, optimistic performance is ex-
pected when feature selection, model fitting, and DCA occur
in related or identical data. External validation, calibration as-
sessment, comparison with age/APOE/neuropathology co-
variates, and evaluation in accessible biospecimens are re-
quired.

Several limitations warrant emphasis. First, the bulk co-
horts differ in platform, demographic structure, neuropatho-
logical definitions, and hippocampal sampling; ComBat re-
duces technical batch effects but cannot remove biological
confounding. Second, RRA thresholds used nominal aggrega-
tion P values, and GSEA pathways were displayed at nominal
P <0.05; these findings require multiplicity-aware replication.
Third, CIBERSORT estimates immune-like signatures rather
than histologically measured leukocyte abundance in brain tis-
sue. Fourth, MR inference depends on instrument relevance,
independence, exclusion restriction, and absence of horizontal
pleiotropy; the modest instrument counts and borderline IVW
P values limit certainty [18]. Finally, single-nucleus propor-
tions can be altered by tissue processing and capture effi-
ciency. These limitations make the study hypothesis-generat-
ing, while the agreement across expression direction, genetic
effect, cell localization, and pathway context provides a strong
basis for targeted validation.

5. Conclusions

Integration of three hippocampal bulk-transcriptome co-
horts with MR and single-nucleus profiling identified HVCNL,
LAPTM5, PARMI1, and GAS7 as candidate AD genes.
HVCNL1 and LAPTM5 highlighted microglial immune pro-
grams, whereas GAS7 and PARM1 connected neuronal, met-
abolic, and signaling pathways. The four-gene model showed
exploratory net benefit, but independent molecular, experi-
mental, and clinical validation is essential before biomarker or
therapeutic application.
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