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Abstract

Background: Alzheimer’s disease (AD) is a progressive neurodegenerative
disorder characterized by complex neuroimmune interactions. Identifying
reliable neuropathologicel markers and understanding immune cell infiltration
in the brain are essential for improving our understanding of AD pathology.
Methods: We integrated four temporal cortex gene expression datasets from
the GEO database (GSE36980, GSE37263, GSE118553, GSE122063).
Differentially  expressed genes (DEGs) were identified using
RobustRankAggreg (RRA) and batch correction. Functional enrichment was
analyzed via GO and KEGG, and hub genes were identified through protein-
protein interaction networks and comparative intersection analysis.
Diagnostic performance was evaluated using ROC curves, and immune cell
infiltration was profiled with CIBERSORT, with significant immune subsets
identified via Wilcoxon tests and LASSO regression.

Results: Analysis revealed 98 robust DEGs, prominently enriched in pathways
related to synaptic transmission and neuroactive ligand-receptor interactions.
Two hub genes, CRH and GAD2, were identified and validated as being
significantly downregulated in AD. ROC analysis affirmed their high
discriminatory value (AUC = 0.7), with a combined model demonstrating
good performance. Immune infiltration profiling in the AD temporal cortex
uncovered significant alterations in six immune cell populations: M2
macrophages, activated dendritic cells, and resting mast cells were increased,


mailto:huangzhy85@mail2.sysu.edu.cn

while plasma cells, regulatory T cells (Tregs), and activated NK cells were
decreased. However, no significant correlation was found between the
expression of CRH/GAD?2 and these immune cell alterations.

Conclusion: CRH and GAD?2 are potential neuropathological markers for AD.
The distinct immune infiltration patterns observed highlight the involvement
of both innate and adaptive immunity in AD pathogenesis, offering new
insights for understanding AD pathology and informing future therapeutic
strategies. The lack of direct correlation suggests that neuronal gene
dysregulation and immune alterations may represent parallel or independently
regulated pathological dimensions in AD.

Keywords Alzheimer disease, Diagnostic biomarkers, Immune cell
infiltration, Bioinformatics, CRH, GAD?2

Introduction

First described by Alois Alzheimer in 1907 [1], Alzheimer's disease (AD) is a
progressive neurodegenerative disorder and the predominant cause of
dementia among middle-aged and older adults [2]. Its pathological hallmarks
include the accumulation of cerebral amyloid-p plaques and neurofibrillary tau
tangles, which drive synaptic dysfunction, neuronal loss, and the progression
of cognitive decline [3]. In the United States alone, AD affects an estimated
6.9 million individuals aged 65 and older, a figure projected to double by 2060
[4]. The gold-standard neuropathological diagnosis of AD relies on assessing
the distribution and burden of these brain pathologies [5]. Despite its
prevalence and significant impact, achieving a definitive diagnosis of AD prior
to death remains a considerable challenge.

Chronic immune activation is recognized as a pivotal factor in AD
pathogenesis [6]. Neuroinflammation, which can be triggered by factors such
as infection, brain injury, stress, or aging, involves the activation of brain-
resident cells like microglia and astrocytes [7]. Sustained inflammation leads
to the release of proinflammatory molecules, resulting in synaptic damage,
neurodegeneration, and cognitive deficits [8]. Growing evidence indicates that
the infiltration of peripheral immune cells and their crosstalk with central
nervous system-resident cells contribute to AD pathology [9]. For instance,
Chen et al. [10] demonstrated that microglia-induced T cell infiltration
accelerates neurodegeneration in models of tauopathy. Lu et al. [11] proposed
that peripheral natural killer (NK) cells may infiltrate the brain and influence
Alzheimer's-related neuroinflammation, with STAT3 potentially modulating
immunity-related genes in these cells. Furthermore, Jorfi et al. [9] found that
CD8* T cells exacerbate AD pathology in a 3D human neuroimmune axis model.
These insights highlight the critical need for continued investigation into
immune cell infiltration and its connection to diagnostic biomarkers to deepen
our understanding and improve the diagnosis of AD.

To this end, the present study analyzed four GEO datasets (GSE36980,
GSE37263, GSE118553, and GSE122063) to identify differentially expressed



genes (DEGs) between AD and healthy control (HC) samples from the temporal
cortex. The functional implications of these genes were evaluated through
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway analyses. Hub genes were identified using the 'UpSet' R package, and
the diagnostic potential of candidate biomarkers was assessed via Receiver
Operating Characteristic (ROC) curve analysis combined with logistic
regression. Furthermore, immune cell infiltration in AD was examined using
CIBERSORT, with Wilcoxon tests and LASSO regression applied to identify
significantly altered immune cell subsets. Associations between the identified
biomarkers and immune cell changes were explored using Spearman's rank
correlation analysis. This research provides a systematic assessment of
immune cell infiltration in the AD temporal cortex, identifies potential
neuropathological markers, and offers new insights for developing
pathomechanistic and therapeutic strategies.

Materials and methods

Data Acquisition

The analytical workflow for this study is depicted in Fig. 1. Gene expression
profiles from the temporal cortex of AD patients and HCs were retrieved from
five initial datasets (GSE36980, GSE37263, GSEi118553, GSE122063, and
GSE132903) available in the GEO database. Detailed information regarding
the microarray platforms, sample groups, sample sizes, and available
demographic details (age, sex) for each dataset is provided in Table 1 and
Supplementary Table S1.

Data Preprocessing and Iniegration

For the four microarray datasets (GSE36980, GSE37263, GSE118553,
GSE122063), probe-level expression data were background-corrected and
normalized wusing the Robust Multiarray Average (RMA) algorithm
implemented in the 'affy' R package. Probes were subsequently annotated to
genes using the respective platform annotation files, and expression values for
genes mapped by multiple probes were averaged. The normalized gene
expression matrices from the four datasets were merged using a Perl script.
To mitigate technical batch effects and platform heterogeneity, the 'sva' R
package was employed. The integrated and batch-corrected gene expression
matrix was then subjected to subsequent analysis using the 'limma’' R package.
The validation dataset GSE132903, an RNA-Seq dataset, was processed and
analyzed using the 'edgeR' package. Data quality and intra-group sample
reproducibility were assessed using Principal Component Analysis (PCA),
Pearson's correlation analysis, and sample clustering, with results visualized
via the 'ggplot2' package.

Identification of DEGs

DEGs between AD and HC groups were identified using two complementary
approaches to ensure robustness. In the "Batch Correction" method, the four
integrated and batch-corrected datasets were analyzed as a single matrix



using the 'limma' package. In the "RobustRankAggreg (RRA)" method, each
dataset was analyzed independently for DEGs using 'limma’, and the resulting
gene lists were aggregated using the 'RobustRankAggreg' package, which
assigns a significance score based on the rank order of genes across multiple
studies. The final consensus set of robust DEGs was determined by
intersecting the results from both methods, applying a significance threshold
of an adjusted pvalue < 0.05 and an absolute log2 fold change > 0.585
(corresponding to an approximate 1.5-fold change).

Functional enrichment analysis

The biological functions and pathways associated with the identified DEGs
were investigated through GO and KEGG enrichment analyses. These analyses
were performed wusing the 'ClusterProfiler' R package (v4.6.2) with
annotations from the 'org.Hs.eg.db' database (v3.16.0). Enrichment was
performed for all genes in the background list. The minimum gene set size was
set to 10 and the maximum to 500. Terms with an adjusted p-value < 0.05
were considered statistically significant. The results were visualized using the
'enrichplot' and 'ggplot2' packages.

Hub Gene Identification and Validation

A protein-protein interaction (PPI) network was constructed for the protein-
coding DEGs using the STRING database, with a high-confidence minimum
interaction score set to 0.9. The resulting network file was imported into
Cytoscape (v3.9.1). The cytoHubba plugin was utilized to rank nodes within
the network using ten different algorithnis (e.g., MCC, DMNC, Betweenness).
The top 40 genes from each algorithm were analyzed using the 'UpSet' R
package (v1.4.0) to perform a comniparative intersection analysis to identify the
most frequently occurring hub genes across all methods. The expression
patterns of these candidate hub genes were subsequently validated using the
independent RINA-Seq dataset GSE132903.

Evaluation of Diagnostic Potential

The diagnostic performance of the validated hub genes was assessed using
Receiver Operating Characteristic (ROC) curve analysis. The Area Under the
Curve (AUC) was calculated for each gene individually and for a combined
logistic regression model to evaluate their ability to discriminate between AD
patients and HCs in the GSE132903 validation dataset. The predictive
accuracy of the combined model was further quantified using a confusion
matrix.

Experimental Validation via RT-qPCR

To biologically validate the bioinformatic findings, temporal cortex samples
were obtained postmortem, comprising six HCs and ten confirmed AD cases
(in the dementia stage) collected between May 2025 and August 2025.
Detailed demographic and sample information (age, sex, post-mortem interval)
for this cohort is provided in Supplementary Table S2. Total RNA was
extracted using TRIzol reagent (Thermo Fisher Scientific), and cDNA was
synthesized with the HiScript IV RT SuperMix kit (Vazyme Biotech).



Quantitative real-time PCR (RT-qPCR) was performed using ChamQ Universal
SYBR gPCR Master Mix (Vazyme Biotech) on a Bio-Rad iQ5 system. The
thermal cycling protocol consisted of an initial denaturation at 94°C for 5 min,
followed by 40 cycles of 94°C for 15 s and 60°C for 30 s. Gene expression was
normalized to GAPDH, and relative quantification was determined using the
2~AACT method using the average ACT value of the healthy control group as
the calibrator. Primer sequences are listed in Table 2.

Analysis of Immune Cell Infiltration

The relative abundances of 22 human immune cell subtypes within the
temporal cortex samples were estimated using the CIBERSORT algorithm and
its LM22 signature matrix [12]. Only samples with a CIBERSORT output p-
value < 0.05 were included for subsequent analysis, resulting in 178 high-
quality samples. The 'Cibersort' R package was used to generate immune cell
proportion estimates, visualized via bar plots and correlation heatmaps.
Differential immune cell infiltration between AD and HC groups was identified
using the Wilcoxon rank-sum test. To refine the selection of the most
discriminative immune cell subsets, a Least Absolute Shrinkage and Selection
Operator (LASSO) regression analysis was performed using the 'glmnet'
package. Immune cell types identified as significant by both the Wilcoxon test
(p < 0.05) and LASSO regression were considered the final set of differentially
infiltrated cells. The relationship between the expression levels of the hub
genes and the proportions of these key immune cells was examined using
Spearman's rank correlation analysis and visualized with 'ggplot2'.
Statistical analysis

All statistical analyses, unless otherwise specified, were conducted using R
software (version 4.2.3). For the bioinformatic analyses using public datasets
where full covariates were not uniformly available, comparisons were
performed between AD and HC groups without adjustment for demographic
variables. Data from RT-qPCR are expressed as mean =+ standard error of the
mean (SEM). Group comparisons for RT-gPCR data were performed using an
unpaired Student's #test. The ages and PMI between the AD and HC groups
in our validation cohort were compared using #tests and showed no
statistically significant difference (p > 0.05; see Supplementary Table S2). For
correlation analyses involving hub genes and immune cells, Spearman's
method was used. A p-value of less than 0.05 was considered statistically
significant for all tests.

Results

Differential Gene Expression Analysis

DEGs were identified from four microarray datasets, encompassing 98 AD and
80 normal control samples, using two distinct methodological approaches.
Supplementary Figure S1 demonstrates the efficacy of the batch correction
process, with panels A-B showing the merged dataset prior to correction and
panels C-D confirming the successful removal of batch effects. Application of



the RRA method yielded 143 DEGs (40 upregulated, 103 downregulated), a
subset of which is displayed in Fig. 2A. Concurrently, the "Batch correction"
method identified 130 DEGs (35 upregulated, 95 downregulated). The
expression profile of these DEGs is visualized in a heatmap (Fig. 2B).
Intersection of the DEGs from both methods produced a robust, consensus set
of 98 DEGs, comprising 23 upregulated and 75 downregulated genes, as
illustrated in the Venn diagram (Fig. 2C).

Functional Enrichment of DEGs

The 98 overlapping DEGs were subjected to GO and KEGG pathway
enrichment analyses to elucidate their biological significance (Fig. 3A-D). GO
analysis revealed significant enrichment in terms related to synaptic signaling
and neurological processes, including "modulation of chemical synaptic
transmission," '"regulation of trans-synaptic signaling," "signal release,"
"learning or memory," "hormone transport," and "cognition" (Fig. 3A-B). KEGG
pathway analysis indicated that the DEGs were predominantly involved in
"Neuroactive ligand-receptor interaction," "GABAergic synapse," "Retrograde
endocannabinoid signaling," "Morphine addiction," "Apelin signaling
pathway," "Alcoholism," and "Nicotine addiction" (Fig. 3C-D).

Identification and Validation of Hub Genes

A PPI network was constructed from the 98 overlapping DEGs. The network
nodes were subsequently ranked using ten diiferent algorithms within the
cytoHubba plugin. Cross-analysis of the top-ranked genes from all algorithms
using a comparative intersection analysis identified two central hub genes:
CRH and GADZ, which are highlighted in Fig. 4A. Their expression patterns
within the merged microarray dataset are further illustrated via a heatmap
(Fig. 4B) and a volcano plot (Fig. 4C). To validate these findings, the
independent RNA-Seq dataset GSE132903 was analyzed, which confirmed a
significant downregulation of both CRH and GADZ in AD temporal cortex
samples compared to healthy controls (p < 0.001; Fig. 5A-C). This decreased
mRNA expression was further corroborated experimentally using RT-qPCR on
postmortem temporal cortex samples (Fig. 6A-B and Supplementary Table S3).
Diagnostic Efficacy of Hub Genes

The diagnostic potential of CRH and GAD2 as biomarkers for AD was evaluated
using ROC curve analysis on the GSE132903 dataset. As shown in Fig. 5D,
both genes individually demonstrated considerable discriminatory power, with
AUC values = 0.7. A logistic regression model integrating both hub genes was
subsequently developed, demonstrating good diagnostic efficacy with a
specificity of 0.66, a sensitivity of 0.76, and an AUC of 0.749 (p = 9.372e—-10),
surpassing the performance of each gene individually (Fig. 5E-F). For
comparative purposes, the predictive performance of 27 previously reported
AD biomarker genes from the literature was assessed [13-17]. ROC analysis
revealed that only 7 of these genes (ADCYAPI, ATP6V1D, CAPZ2, VIP, PPP3R1,
DDIT4, and NDUFA1) achieved an AUC > 0.7 (Fig. 7). Notably, when combined
into a single diagnostic model, these literature-derived genes yielded a higher



combined AUC value than the two-gene model from this study, with the AUC
increasing as more genes were added to the model.
Immune Cell Infiltration Landscape in the Temporal Cortex
CIBERSORT analysis was performed on 178 quality-filtered samples (98 AD,
80 HC; p < 0.05) to characterize the immune cell infiltration profile. The
relative proportions of 22 immune cell types in each sample are depicted in a
histogram (Fig. 8A) and a heatmap (Fig. 8B). The predominant infiltrating
immune cell populations included M1 macrophages, activated memory CD4*
T cells, resting NK cells, activated dendritic cells, and M2 macrophages (Fig.
8B). Correlation analysis among the 22 immune cell types in AD tissues (Fig.
8C) revealed several significant relationships, including a positive correlation
between activated NK cells and follicular helper T cells, a positive association
between neutrophils and M2 macrophages, a negative correlation between M2
and MO macrophages, and an inverse relationship between resting and
activated NK cells.

To rigorously identify differentially infiltrated immune cells, the results from
a Wilcoxon rank-sum test (Fig. 9A) and LASSO regression analysis (Fig. 9B-C)
using the lambda.1se value for final variable selection were integrated. The
intersection of these two methods identified six immune cell types with
consistent and significant alterations in AD (Fig. 10A). Specifically, AD
temporal cortex tissues exhibited significantly elevated infiltration of M2
macrophages, activated dendritic cells, and resting mast cells, alongside
significantly reduced proportions of plasma cells, regulatory T cells (Tregs),
and activated NK cells compared to healthy controls (Fig. 9A).
Correlation Between Hul Genes and Immune Cells
The potential relationships between the two hub genes (CRH, GADZ2) and the
six significantly altered immune cell types were investigated using Spearman's
correlation analysis. The results of these analyses are summarized in Fig. 10B.
Applying a stringent threshold (R > 0.40 and p < 0.001), no statistically
significant correlations were identified between the expression levels of either
CRH or GAD2 and the infiltration levels of any of the six immune cell types.

Discussion

The accurate and early diagnosis of AD dementia is critical for effective
intervention, yet it remains a significant clinical challenge. While established
biomarkers from cerebrospinal fluid (CSF) [18] and positron emission
tomography (PET) [19] have been available for decades, their widespread
clinical adoption is hindered by issues of accessibility, cost, perceived
invasiveness, and the historical lack of disease-modifying therapies [20].
Consequently, recent research has intensified its focus on identifying
minimally invasive biomarkers in blood (e.g., phosphorylated Tau) [21],
genetic risk factors (e.g., APOE) [22-24], and other body fluids [25]. However,
the translation of these discoveries into routine clinical practice remains
limited. This underscores an urgent need to identify highly sensitive and
specific genetic signatures and to validate them in clinical specimens to



provide new options for understanding AD pathology and identifying potential
therapeutic targets.

This study consolidated gene expression data specifically from the temporal
cortex, a region severely affected by AD pathology. Our functional enrichment
analysis of the 98 robust DEGs indicates that AD is fundamentally
characterized by a disruption of neurological homeostasis, manifesting as
multidimensional impairments in synaptic transmission, neural signaling, and
cognitive function (Fig. 3). This conclusion is corroborated by other
transcriptomic investigations. For example, Jin et al. [13] similarly reported
that disrupted nervous system homeostasis is a central feature of AD, based
on enrichment analysis of overlapping hub genes identified in their study.
Furthermore, analyses of frontal cortical samples by Zhang et al. [26]
underscored the significant involvement of immune response and oxidative
stress pathways, reinforcing the concept that AD pathogenesis involves a
complex interplay of multiple biological processes beyond synaptic
dysfunction.

Through a rigorous bioinformatics workflow employing a comparative
intersection analysis and ROC analysis, we identified CRH and GAD2 as
potential neuropathological markers for AD. A combined diagnostic model
utilizing both genes demonstrated good efficacy coinpared to single-gene
models. The significant downregulation of both CRH and GADZ in the AD
temporal cortex was subsequently validated using an independent RNA-Seq
dataset and confirmed experimentally via RT-qPCR. The direction of change
(downregulation) was consistent across microarray and RNA-seq technologies,
supporting the robustness of this finding. Corticotropin-releasing hormone
(CRH), a key regulator of the HPA (hypothalamic-pituitary-adrenal) axis [27],
is involved in stress response [28, 29] and possesses neuroprotective
properties against oxidative and excitotoxic stress [30]. Its role, however,
extends to immunomodulation, acting through both anti-inflammatory (central)
and pro-inflammatory (peripheral) pathways [31]. Our finding of CRH
downregulation in AD temporal cortex aligns with reports of reduced CRH
levels in the CSF of AD patients [32], suggesting a disruption in stress
response systems and neuroprotective mechanisms. The GAD2 gene, encoding
the GADG65 enzyme crucial for GABA synthesis, has been implicated in various
conditions, from obesity [33] to psychiatric disorders [34]. Its restricted tissue
expression has also made it a diagnostic marker for certain tumors [35].
Importantly, GAD2 has been previously linked to AD. Studies have proposed it
as a drug target [36, 37], and robust evidence from multiple groups [38, 39]
has consistently demonstrated reduced GAD?2 levels in several AD-affected
brain regions, including the temporal cortex. This collective evidence strongly
supports the role of CRH and GAD2 dysregulation in AD and underscores their
potential as neuropathological markers and therapeutic targets.

Our findings contribute to a growing body of literature employing
bioinformatics to identify AD-related gene signatures. Other studies have



identified hub genes related to vascular dementia [40], autophagy [41], and
mitophagy [42], or core DEGs like SCG3 [43], achieving varying degrees of
diagnostic accuracy (AUCs). In a comparative analysis of published gene
signatures [13-17], we observed that diagnostic models incorporating more
genes generally yield higher performance. While the individual discriminatory
power of CRH and GAD2 was notable, this suggests that future efforts should
focus on integrating them with other high-performing, literature-derived
genes to develop an optimized multi-gene diagnostic panel for AD, validated
in larger cohorts. Their value lies in highlighting specific dysregulated
pathways (e.g., neuroactive ligand-receptor interaction, GABAergic synapse)
that are central to AD pathology in the temporal cortex, rather than as
standalone superior diagnostic tools.

Beyond gene signatures, this study provides a systematic characterization
of the immune cell infiltration landscape in the AD temporal cortex.
CIBERSORT analysis revealed a  profoundly altered immune
microenvironment. The convergence of Wilcoxon test and LASSO regression
results pinpointed six key altered immune subsets: increased M2 macrophages,
activated dendritic cells, and resting mast cells, alongside decreased plasma
cells, regulatory T cells (Tregs), and activated NK ceils.

The elevation of M2 macrophages and activated dendritic cells is consistent
with a state of chronic neuroinflammation. 1t is important to note that the
CIBERSORT analysis, based on a periphera! blood-derived signature matrix,
cannot definitively distinguish between infiltrating peripheral macrophages
and resident microglia. The observed "M2 macrophage" signature likely
represents a mixture of these cell types, primarily reflecting an activated,
potentially disease-associated microglial state. While M2 macrophages are
often associated with tissue repair, their persistent activation in AD may
contribute to pathology, for instance, by failing to effectively clear amyloid-
beta or by secreting factors that disrupt neural homeostasis [44, 45]. Activated
dendritic cells can initiate adaptive immune responses [46], and their presence
suggests a bridge between innate and adaptive immunity in AD, potentially
facilitating T-cell mediated neurodegeneration [47]. The reduction in Tregs,
which are vital for maintaining immune tolerance, could lead to unchecked
neuroinflammatory responses [48]. The decrease in activated NK cells points
to a broader immune dysregulation, though their precise role in AD—whether
neurotoxic or regulatory—remains to be fully elucidated [11].

Our immune findings both align with and refine the existing understanding
of neuroinflammation in AD. The increases in M2 macrophages and decreases
in plasma cells and activated NK cells are consistent with reports in other
brain regions like the prefrontal cortex [13]. However, discrepancies, such as
the status of Tregs and dendritic cells, highlight the regional heterogeneity of
the neuroimmune response in AD [16]. Therefore, our study provides a crucial,
region-specific immune profile of the vulnerable temporal cortex.

Notably, our correlation analysis did not reveal strong direct associations



between CRH/GAD2 expression and the levels of the six altered immune cell
types. This suggests that the neuronal gene dysregulation and immune cell
infiltration, while co-occurring in AD, may represent parallel pathological
processes or interact through complex, non-linear mechanisms not captured
by bulk-tissue correlation analysis. The effects of CRH on neuroinflammation
are likely indirect, mediated systemically via the HPA axis [27, 31], while
GAD2's role is primarily linked to GABAergic neurotransmission and neuronal
resilience [49]. This absence of correlation is an important finding, indicating
that these two key aspects of AD pathology might be regulated independently
or through indirect, system-level interactions, warranting further investigation
at single-cell resolution.

Limitations

Our study has several limitations. First, the identified markers CRH and GAD?2
are downregulated, which can pose challenges for detection compared to
upregulated markers; however, our validation across technologies supports
the robustness of this finding. Second, the primary analysis utilized public
datasets with incomplete demographic matching. While we validated findings
in a local cohort matched for age and PMI, future studies with larger,
prospectively collected cohorts are needed. Third, the CIBERSORT tool has
inherent limitations in the brain context, as discussed, and the immune profiles
should be interpreted as reflecting overall immune microenvironment changes
rather than precise quantification of specific infiltrating peripheral cells.
Finally, the sample size for our RT-qPCR validation, though sufficient to show
statistical significance, is relatively small.

Conclusion

In summary, this integrated bioinformatics and experimental study identifies
CRH and GADZ2 as robust neuropathological markers for AD, characterized by
significant downregulation and high discriminatory value in the temporal
cortex. Furthermore, we delineate a comprehensive immune infiltration
landscape in AD, revealing profound dysregulation of both innate and adaptive
immune cells, including M2 macrophages, dendritic cells, mast cells, plasma
cells, Tregs, and NK cells. The absence of a strong direct correlation between
the biomarkers and specific immune cells suggests these are key, yet
potentially independent, dimensions of AD pathology. Collectively, our
findings provide novel candidate markers for understanding AD pathology and
deepen the understanding of neuroimmune dysfunction in AD, thereby
informing the future development of pathomechanistic and therapeutic
strategies.
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Fig. 2 Identification of DEGs. (A) The initial 40 wupregulated and
downregulated DEGs from the four datasets were identified using the 'RRA'
method. Columns represent genes, rows represent samples (AD vs. HC), and
the color scale from green to red indicates low to high expression (log2
normalized intensity). (B) Heatmap was used to depict the ultimate DEGs
discovered by the "Batch correction" methods. Columins represent DEGs, rows
represent samples. The color scale (see legend) indicates the Z-score of gene
expression across samples, with red representing high expression and blue
representing low expression. (C) A Venn diagram was used to identify the
intersecting DEGs identified by botli methods.
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Fig. 3 Biofunctional enrichment analysis of DEGs. (A-B) GO functional
enrichment analyses of DEGs highlighting the top 10 terms in biological

process (BP),

cellular component (CC),

and molecular function (MF)

categories. The results of GO were presented by bar plot and circle charts. (C-
D) KEGG pathway anaiysis of the intersection of DEGs. KEGG results were
presented using bubble and circle graphs.
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Fig. 4 Identification of hub Genes. (A) The R package 'UpSet' was utilized to
screen hub genes using ten different algorithms. (B) A heatmap illustrating
the expression of two hub genes was generated using the combined
microarray data. Columns represent the hub genes CRH and GAD2, rows
represent individual samples. The color scale indicates the normalized
expression level (log2 scale) of each gene, with red indicating higher
expression and blue indicating lower expression. (€) Volcanic plot was used
to depict the ultimate DEGs and hub genes.
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Fig. 5 Validation of hub genes through external sources. (A) A heat map
illustrating the transcriptional profiles of hub genes in the validation dataset
GSE132903. Columns represent the hub genes CRH and GAD2, rows
represent samples from the GSE132903 dataset (AD vs. HC). The color scale
indicates the relative expression level (normalized counts, log2 scale), with red
indicating high expression and blue indicating low expression. (B-C) Box plots
illustrating hub gene expression in the GSE132903 validation dataset. (D)
ROC curves for hub genes in the validation dataset GSE132903. (E) The ROC
curve displays the combined two biomarkers' diagnostic accuracy AUC > 0.7
suggested that the model's effect was weli-fitting. (F) Confusion matrix for
validation set. ROC stands for receiver operator characteristic, and AUC refers
to the area under the curve. ***p < 0.001.
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shows the relative mRNA expression of CRH, and Panel (B) displays that of
GAD?2.
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Fig. 7 Our diagnostic biomarkers were compared to published biomarkers to
externally validate their diagnostic effectiveness. (A, C, E, G, and I) The
diagnostic effectiveness of published AD biomarkers was validated using ROC
analysis on the GSE132903 dataset. (B, D, F, H, and J) Confusion matrix for
published biomarkers was validated by validation set.
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Fig. 8 Immune cell infiltration in AD and control samples. A histogram (A) and
a heatmap (B) depicted the composition of 22 immune cell types in each
sample. In panel (B), columns represent the 22 immune cell types, and rows
represent individual samples. The color scale (see legend) indicates the
relative proportion of each immune cell type (CIBERSORT fraction) within a
sample, ranging from low (blue) to high (red). (C) The study assessed the
correlation among 22 immune cell types in AD. Red indicates a positive
correlation, while blue signifies a negative correlation. The color intensity
represent the magnitude of the Spearman correlation coefficient.
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Fig. 9 Analyzing distinct immune cell infiltrates in AD. (A) The violin plot
illustrates the variation in immune cell infiltration between AD and control
samples. (B-C) LASSO regression was performed to examine the varying
immune cell infiltrates between AD and control samples. The vertical dashed
line indicates the lambda.1se value used for selecting the final model.
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Table 1. Datasets from GEO employed in this study

Sample size
Tissue Mean Age *= SD
GEO Type Platform . Tota HC AD Sex (Male/Female)
(Homo sapiens) (Range)
1

HC: 76.7 + 10.1 (54-
HC: 8 Male / 11

GSE3698 89)
mRNA GPL6244 Temporal cortex 29 19 10 Female
0 AD: 89.8 + 4.3 (83-
AD: 5 Male / 5 Female
95)
HC: 80.1 = 7.1 (66-
HC: 5 Male /3
GSE3726 87)
mRNA GPL5175 Temporal cortex 16 8 8 Female
3 AD: 72.6 £ 9.1 (63-
AD: 5 Male / 3 Female
88)
HC: 69.2 = 16.8 (40- HC: 19 Male / 12
GSE1185 GPL1055 95) Female
mRNA Temporal cortex 83 31 52
53 8 AD: 82.4 + 10.7 (63- AD: 23 Male / 29
105) Female
HC: 78.8 + 8.6 (60- HC: 10 Male / 12
GSE1220 GPL1669 91) Female
mRNA Temporal cortex 50 22 28
63 9 AD: 81.0 £ 6.7 (63- AD: 6 Male / 22
91) Female
HC: 85.0 = 6.9 (70- HC: 50 Male / 48
GSE1329 GPL1055 Middle temporal 102) Female
mRNA 195 98 97
03 8 gyrus AD: 85.0 £ 6.7 (70- AD: 49 Male / 48

98) Female




Table 2 List of primers for RT-qPCR

Primer Sequence (5~ 3')

CRH-F AGGCACCGGAGAGAGAAAGG
CRH-R TTGCTGTGCTAACTGCTCGG
GAD2-F CGGGTTTGAAGCGCATGTTG
GAD2-R GTGTGCTGAGGCTTCCCATC
GAPDH-F  ATGGCAAATTCCATGGCACC
GAPDH-R GACTCCACGACGTACTCAGC




