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Abstract:

Objective: To systematically review and meta-analyze bulk RNA sequencing studies comparing Alzheimer's
disease (AD) patients with controls in human brain tissue, assessing study quality and identifying key genes
and pathways.

Methods: We searched PubMed, Web of Science, and Scopus on September 23, 2023, for studies using bulk
RNAseq on primary human brain tissue from AD patients and controls. Excluded were non-primary tissue, re-
analyses without new data, limited RNA types and gene panels. Quality was assessed with a 10-category tool.
Meta-analysis used high-quality datasets.

Results: From 3,266 records, 24 studies met criteria. Meta-analysis found 571 differentially expressed genes
(DEGSs) in temporal lobe and 189 in frontal lobe; overlapping pathways included "Tube morphogenesis" and
"Neuroactive ligand-receptor interaction.”

Limitations: Study heterogeneity and limited data tables constrained the review.

Conclusions: Rigorous methods are vital in AD transcriptomic studies. Findings enhance understanding of
transcriptomic changes, aiding biomarker and therapeutic development.

Registration: PROSPERO (CRD42023466522).

Keywords: Alzheimer’s disease (AD), RNA sequencing (RNAseq), differentially expressed genes (DEGs),

systematic review, meta-analysis, human brain tissue.
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Introduction:

Alzheimer's disease (AD) is the most prevalent cause of dementia, affecting more than 33 million people
worldwide, ultimately imposing over a trillion dollars of financial burden world-wide in 2019'*. With the aging
population, the number of individuals affected is projected to nearly triple, rising to over 90 million by 2050,
AD is characterized by the accumulation of amyloid beta plaques outside neurons and neurofibrillary tau
tangles within neurons, along with neuronal death, which are hallmark features of the disease®. One key
challenge in treating AD is that, by the time symptoms appear, substantial damage has already been done,
limiting the effectiveness of treatments®. AD has a strong genetic component, with heritability estimated
between 60% and 80%"2. A recent genome-wide association study by Bellenguez et al. reported 75 loci
associated with AD risk®, yet the mechanisms through which most of these loci affect disease development
remain unclear. Shade et al. recently made an important step forward by beginning to clarify which AD-related
genes are driving individual neuropathology endophenotypes, including discovering four new genes associated
with AD and related dementias'®, but much work still remains. Understanding the mechanisms driving AD is
crucial for discovering presymptomatic biomarkers and improving treatments.

Transcriptomic studies in AD have been proposed to enhance our understanding of the disease's mechanisms.
Early research primarily focused on targeted approaches to examine genes associated with AD, where
researchers identified four amyloid precursor protein (APP) mRNA isoforms and their potential roles in AD"'-4,
Similarly, targeted transcriptomic studies explored mRNA isoforms of the tau gene (MAPT) and their possible
implications in the disease'®"°. While targeted transcriptomic studies contributed important discoveries to AD
research, their low throughput nature limited the number of genes that could be investigated. The second wave
of transcriptomics studies in AD came with the advent of microarrays, which utilized probes to measure the
expression of thousands of mMRNA species at once, allowing researchers to compare their expression between
brains of AD cases and controls. Microarray studies spanned multiple brain regions and revealed disrupted
pathways in AD brains such as calcium signaling, inflammation, immune responses, apoptosis, oxidative
stress, energy metabolism, and synaptic transmission?°-2’. Despite these improvements, microarrays can only
measure a limited number of previously characterized RNAs. With the advent of short-read RNA sequencing
(RNAseq), researchers could measure gene-level mMRNA expression across the entire genome, including
RNAs that were previously uncharacterized. Over the past decade, bulk tissue short-read RNAseq has
become the standard method for comparing gene expression in diseased versus non-diseased tissues?. This
approach has provided valuable insights into treatment targets and biomarkers for various human diseases.
For instance, RNAseq studies shed light on the interactions between the immune system and cancer,
informing immunotherapy treatments?®. Additionally, RNAseq characterized tumor subtypes and identified new
potential drivers for medulloblastoma®®, a highly malignant childhood brain tumor. For neuropsychiatric
disorders, RNAseq has revealed new potential mechanisms and targets for conditions such as autism
spectrum disorder, schizophrenia, and bipolar disorder3'. Together, these findings demonstrate that leveraging
bulk RNAseq is a valuable approach to studying complex diseases.

Similar to other disciplines, there is substantial research comparing gene expression in diseased versus non-
diseased tissues in AD. Our objectives for this systematic review and meta-analysis are threefold: (1) to
provide a comprehensive overview of bulk RNA sequencing studies conducted on human brain tissue,
comparing AD patients with non-demented controls; (2) to assess the quality of these studies, identifying their
strengths and weaknesses to guide the methodology for future transcriptomic research in AD; and (3) to
conduct a meta-analysis with the most robust and extensive AD bulk RNA sequencing datasets available,
offering insights into the genes and pathways that may be important for AD treatment and early diagnostics.
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Methods:
Search Strateqy

A thorough search was conducted across PubMed, Web of Science, and Scopus on September 23, 2023,
employing a comprehensive set of search terms related to transcriptomic changes in AD. The terms used
were: (nanostring OR “RNA isoform” OR transcriptome OR transcriptomic OR RNA-seq OR RNAseq OR "RNA
microarray" OR "mRNA microarray" OR "RNA sequencing") AND (Alzheimer OR Alzheimer’s) AND (human
OR man OR woman OR men OR women OR patient OR patients OR "homo sapiens"). Duplicates were
removed within each database, and the results were merged using Mendeley (https://www.mendeley.com/)
where duplicates were again identified and removed. The records were then imported into Rayyan
(https://www.rayyan.ai/), a platform for systematic review management, where duplicates were further
identified and removed.

Study Selection

Each record's title and abstract were screened in Rayyan by at least two team members from a six-member
team working independently. Decision conflicts were resolved through discussion. Records were evaluated
based on study design, study population, and outcome measures. Our inclusion criteria were as follows: (1) AD
compared to a control group; (2) early or late-onset AD; (3) original data or reanalysis of previous data; (4)
RNAseq, cDNA/RNA microarray, or Nanostring techniques; and (5) transcriptomic data on primary human
tissue (not a cell line or microbiome sample). Exclusion criteria were: (1) other review articles, case reports,
book chapters, posters, editorials; (2) not a transcriptomics study; (3) RT-qPCR as the only transcriptomic
approach; and (4) transcriptomic analyses on non-primary human tissue such as mouse brain or human cell
line.

Records meeting the inclusion criteria proceeded to the next step. The inclusion criteria for the title and
abstract screening were intentionally less stringent than those for the full-text assessment to avoid excluding
relevant records due to incomplete information in the title and abstract.

Next, a detailed full-text assessment was conducted using refined inclusion criteria: (1) AD compared to non-
demented controls; (2) late-onset AD cases; (3) primary human brain tissue samples; (4) presenting original
data; (5) bulk RNAseq techniques; (6) traditional bulk RNAseq measurements (mRNA, long non-coding RNA,
polyA RNA, depleted ribosomal RNA); and (7) differential gene and/or RNA isoform expression analysis.
Exclusion criteria were: (1) other review articles, case reports, book chapters, posters, editorials; (2) no primary
human brain tissue; (3) reanalysis of publicly available data without presenting any original RNAseq data fitting
inclusion criteria; (4) no bulk RNAseq data; (5) studies limited to small and/or circular RNAs; (6) no comparison
between AD subjects and non-demented controls; (7) no differential gene or RNA isoform expression analysis
(8) analysis limited to a subset/panel of target genes; and (9) main text not in English.

One author thoroughly scrutinized each article, identifying 24 eligible studies, as depicted in Figure 1. We
made one exception during the full-text review: although the record by Marques-Coelho et al.*? did not include
original data, it was deemed eligible because it was the only study we found that conducted both differential
gene expression and differential isoform usage analyses using the largest publicly available bulk RNAseq
cohorts from the AD Knowledge Portal® (https://adknowledgeportal.synapse.org/). They separately analyzed
data from the Mayo Clinic cohort**, the Mount Sinai/JJ Peters VA Medical Center Brain Bank (MSBB) cohort*®,
and the Religious Orders Study and Rush Memory and Aging Project (ROSMAP) cohort*®. Basic information
for each study can be found in Table 1.

Data Extraction

Two authors working independently extracted relevant data from the 24 included studies. Data was gathered
for the following categories: “study groups included”, “brain region sampled”, “sex of samples”, “sample size
per group”, “sample size per race/ethnicity”, “reported age per group”, “Alzheimer’s disease diagnostic criteria”,

“years of AD diagnosis”, “RNA extraction kit”, “RNA enrichment or depletion”, “RNA integrity score”, “Library

preparation”, “post-mortem interval”, “read length”, “depth of sequencing per sample”, “paired or single end
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reads”, “sequencing platform”, “aligner”, “reference genome”, “quantification tool”, “transcriptome annotation”,

“transcript discovery method”, “differential expression tools”, “covariates in differential expression analysis”,
“expression filtering”, “multiple testing correction”, “differential expression thresholds”, “differentially expressed
genes results”, and “table provided for all genes included in differential expression analysis”. A definition for all
data extraction terms is provided in Supplementary Table 1. Data that was not available was listed as ‘Not
Reported’. Any assumptions made about data are reported in the data extraction table (Supplementary Table

2).

Methodological Quality Assessment

We evaluated each study’s methodological quality, which also serves as a proxy for risk of bias in this study.
Two authors working independently scored each study and conflicts were resolved through discussion.
Factors were assessed on a three-point scale for: “sample size” “sex and ethnicity”, “AD diagnostic criteria”,
“control matching”, “transcript level analysis”, “results validation”, “sequencing depth”, “statistical rigor”, “data
availability”, and “reproducibility”. The objective criteria used for scoring each category are described in Table
2. The points for all categories were averaged to give the overall quality assessment score to each study. We
tested for correlations between year of publication and each quality assessment category using Spearman’s
rho. Correlations were considered statistically significant if they had a Bonferroni corrected p-value < 0.1
(equivalent to unadjusted p-value < 0.009). We used custom Python scripts to perform this analysis and
generate visualizations (Code Availability).

Meta-analysis

We conducted a meta-analysis using three datasets examined by Marques-Coelho and colleagues®, namely
Mayo clinic temporal lobe**, MSBB frontal and temporal lobes®’, and ROSMAP dorsolateral prefrontal cortex.
Three datasets from this single study were selected for the meta-analysis due to the following factors: (1) the
study had a considerably larger sample size than all others; (2) it achieved the highest quality assessment
score, minimizing the risk of bias; and (3) only five out of the remaining 23 studies provided a differential
expression table appropriate for meta-analysis, all of which had either small sample sizes (n < 50) or
substantial methodological concerns, such as loosely defined AD status. We divided the datasets analyzed by
Marques-Coelho et al.*? into two separate meta-analyses. The first focused on the temporal lobe, using MSBB
Brodmann area 22 (n = 159) and Mayo temporal lobe data from Brodmann areas 20/21/22/41/42 (n = 160).
The second meta-analysis centered on the frontal lobe, utilizing MSBB Brodmann area 10 (n = 176) and
ROSMAP Brodmann areas 9/46 (n = 423). Two MSBB datasets analyzed by Marques-Coelho et al*?, MSBB
Brodmann area 44 (frontal lobe) and MSBB Brodmann area 36 (temporal lobe), were excluded from our
analysis due to overlapping subjects with the included datasets, which would violate the critical assumption
that data must be independent meta-analyses. MSBB Brodmann area 22 was chosen for the temporal lobe
analysis over Brodmann area 36 due to its slightly larger sample size and greater anatomical and functional
similarity to the Mayo temporal lobe dataset brain regions. For the frontal lobe analysis, MSBB Brodmann area
10 was selected over Brodmann area 44 for its larger sample size and closer anatomical and functional
resemblance to the ROSMAP dataset's Brodmann areas.

The original publication did not provide tables suitable for meta-analysis because the journal would not publish
such a large file (215 megabytes). We contacted the corresponding author to obtain a table containing p-
values and log2FoldChange values for all genes analyzed in each dataset. The corresponding author provided
the table with adjusted p-values, which was available with their pre-print submission for the article. The
unadjusted p-values were not available; therefore, we performed the meta-analysis using the Benjamini-
Hochberg adjusted p-values provided by the corresponding author—ultimately making our meta-analysis more
stringent and conservative.

We restructured the tables using a custom Python script to ensure the tables met input criteria for METAL®,
which we used to perform the meta-analyses. We also excluded genes that were not common to all datasets
within a brain lobe (Code Availability). Statistics for the meta-analysis are derived from the inverse-variance
weighted fixed-effect model from METAL. We set the weight of each dataset to its sample size and applied a
Bonferroni correction to the p-value outputs from our meta-analysis. Genes were considered differentially
expressed between AD subjects and non-demented controls if the Bonferroni adjusted p-value was < 0.1. We
included 29,492 genes in the temporal lobe meta-analysis, resulting in an unadjusted p-value threshold of 3.39
x 1078, For the frontal lobe meta-analysis, we included 31,378 genes, resulting in an unadjusted p-value
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threshold of 3.19 x 1078. The |2 metric for heterogeneity, calculated using METAL, was moderate to low. We
chose not to explore the causes of heterogeneity due to the small number of datasets, which would make
identifying the probable causes difficult. Results for the differential expression meta-analysis were tabulated
and visually displayed using a custom Python script (Code Availability).

We then performed a pathway analysis for up- and down-regulated differentially expressed genes using
Metascape®® (https://metascape.orqg) to identify potentially disrupted pathways in the brains of AD patients. The
Metascape analysis was performed separately for the temporal lobe and frontal lobe. Figures depicting
pathway analysis results were generated by Metascape.

Overlap Analysis

We examined the overlap between the differentially expressed genes (DEGs) from our meta-analysis and
those reported in the studies included in this systematic review for the temporal and frontal lobes. Eight
temporal lobe studies provided differential gene expression tables suitable for this comparison, while three
studies did so for the frontal lobe. For each DEG identified in the temporal lobe meta-analysis, we tallied how
many of the other temporal lobe studies reported the same DEG in the same direction (e.g., upregulated in AD)
We applied the same process to the frontal lobe data. DEGs that did not appear in any other study were
considered unique to our meta-analysis.

Rigor and Reproducibility

A Singularity container was used for all analyses in the present study. Singularity containers bundle software
components in a portable and reproducible manner®. All the scripts in this study and the instructions on how to
access the singularity container used to execute them can be found in the GitHub repository for this project
(Code Availability). The versions for all software used in the analysis can also be found on the project’s
GitHub under the singularity container definition file and in Supplementary Table 3. Additional files such as
meta-analysis input files, meta-analysis output files, and Metascape output were deposited in an open Zenodo
repository (Data Availability). This systematic review and meta-analysis was conducted following PRISMA
guidelines*, see checklists in Supplementary Files 1 and 2. This review was registered on PROSPERO,
registration number: CRD42023466522. The original review protocol can be accessed here:
https://www.crd.york.ac.uk/prospero/display record.php?RecordID=466522
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Results:

The initial literature search yielded 7,528 records, ultimately resulting in 3,266 unique records after merging
and removing duplicates. Following title and abstract screening, 2,915 records did not meet inclusion criteria,
leaving 351 records for full-text screening. Upon thorough examination of the full texts, 24 studies conducting
bulk RNAseq on AD brain tissue met the eligibility criteria and were included in the review (Figure 1). One
notable study that was close to fitting the inclusion criteria, but was excluded from our systematic review was
Raj et al.*'. The article analyzes ROSMAP data, but the outcomes are mainly focused on differential intron
usage, splicing quantitative trait loci analysis, and transcriptome wide associations rather than differential gene
and/or transcript expression analysis.
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PRISMA FLOW DIAGRAM: IDENTIFICATION OF STUDIES VIA DATABASES AND REGISTERS

Records identified from:
o PubMed (n = 2,894).
o Web of Science (n = 1,938).
 Scopus (n = 2,679).

}

Record screening by title and abstracts (n = 3,266).

Identification

Screening

Full-text articles assessed for eligibility (n = 351).

Inclusion

Total number of studies included for systematic
review (n = 24).

Duplicate records removed (n = 4,245) before screening
between PubMed, Web of Science, and Scopus databases.

Records excluded (n = 2,915):
o Publication type outside inclusion scope.
o Only performed RT-gPCR as transcriptomic approach.
¢ No human tissue.
¢ No transcriptomic data.

Records excluded (n = 327):

No bulk RNAseq data (n = 101).

No human brain tissue (n = 38).

Data re-analysis. No original data (n = 136).

Study limited to small and/or circular RNAs (n = 32).
Main text not in English (n = 1).

Publication type outside inclusion scope (n = 5).

Study design/outcomes outside inclusion scope (n = 12).
RNAseq on sorted cell-types (n = 2).

Three datasets from one study (n = 1) included in
meta-analysis.
** See figure legend.

ASSESSED BRAIN REGIONS IN SYSTEMATIC REVIEW (n = number of studies)

ASSESSED BRAIN REGIONS IN META-ANALYSIS (n = number of samples)

Temporal lobe
excluding
hippocampus
- and entorhinal
cortex (n =12)

Hippocampus
and/or
entorhinal
cortex (n = 8).

Frontal lobe (n = 5) Parietal lobe (n = 3)

N

Quality assessment evaluating the rigor and reproducibility of
included studies

!

Takeaways and recommendations for future studies

Occipital lobe (n = 3)
J

)
)
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Mayo TL (n = 160)
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( Potential genes and pathways for AD treatment and early diagnostics
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Figure 1: PRISMA flow diagram and study design.

Diagram illustrating the process to identify studies that met inclusion criteria. The diagram also shows the assessed brain regions in the

systematic review and the corresponding number of studies for each region. The total number of studies across all brain regions exceeds the

total number of included studies (n = 24) because some studies evaluated multiple brain regions. **Only three datasets from one study were

included in the meta-analysis for the following reasons: (1) the study had a significantly larger sample size compared to others; (2) it received
the highest quality assessment score, reducing the risk of bias; and (3) only five of the remaining 23 studies provided a differential expression

table suitable for meta-analysis, all of which had relatively small sample sizes (n < 50) or significant methodological issues, such as poorly

defined AD status.
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Study Characteristics

The dataset included publications spanning from 2011 to 2023. Among these, two records had sample sizes
exceeding 150,%242 three had sample sizes ranging from 50 to 150,43 and 19 had fewer than 504554 (Table
1). The temporal lobe excluding hippocampus and entorhinal cortex was the most frequently sampled brain
region, representing 12 studies.324345:46.51,52.9556,60-62.64 gGampling specific to the hippocampus or entorhinal
cortex was performed in eight studies.*4°48-51.53.59 Qther regions studied included the frontal lobe (five
studies),3242:4346.58 the parietal lobe (three studies),*>*”:5” and the occipital lobe (three studies).5>5763 One
record did not specify the brain lobe studied, describing the brain region as “cortex tissues”.>

In addition to AD cases and non-demented controls, two records included a neurodegenerative disease control
group,°®° and two papers examined cohorts with AD occurring concurrently with another neurologic disease,
such as dementia with Lewy bodies.®®%2 All records performed differential gene expression analysis,3242-64
with three also conducting differential transcript expression or differential transcript usage analysis.324647

Regarding population representativeness, 17 records included both men and women,32:42-4548,50-53,55,57,58,60-63
five studies included only men,*6:47:56:5964 gnd two studies did not specify the gender distribution within their
cohorts.**%* Multiple ethnicities were only present in one study.®' Six studies focused on cohorts from a single

ethnicity*44548.56.5855__Chinese or Caucasian—while ethnicity was not reported in seventeen
StUdieS 32,42,43,46,47,49-55,57,60,62-64

Below is a summary of the included papers, organized by the brain region studied. If a paper investigates
multiple regions but contains original data for only one, it is discussed in the section relevant to the brain region
where the original data stems from. Detailed information about data extraction definitions and the complete
data extraction table are provided in Supplementary Tables 1 and 2.
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Study (year of publication)

Brain region(s)

Sample size per group: total number (number of females)

Temporal lobe (excluding hippocampus & entorhinal cortex)

Humphries et al. (2015)

Barbash et al. (2017)

Piras et al. (2019)
Cho et al. (2020)

Felsky et al. (2022)
Das et al. (2023)

Temporal pole

Temporal lobe

Middle temporal gyrus
Anterior temporal lobe

Temporal cortex

Superior temporal gyrus

AD: 10 (0) | Control: 10 (0) | Dementia with Lewy Bodies: 10 (0)

RUSH cohort: Non-demented 4 (0) | MCI & Low Braak 4 (0) | MCI and
Medium Braak 4 (0) | MCI & High Braak 4 (0) | Demented & Low Braak 4 (0)
| Demented & Medium Braak 4 (0) | Demented & High Braak 4 (0)

NBB cohort: Healthy controls 8 (0) | Early pathology but non-demented 8 (0)
| Advanced AD pathology & cognitive decline 8 (0)

AD: 8 (5) | Control: 8 (4)

Chronic traumatic encephalopathy (CTE): 8 (0) | CTE/AD: 6 (0) |
AD: 10 (6) | Control: 10 (4)

Caribbean Hispanic AD: 23 (16) | Caribbean Hispanic Control: 16 (8)
AD: 10 (5) | Control: 8 (4)

Hippocampus & entorhinal cortex

Magistry et al. (2015)
Annese et al. (2018)

van Rooij et al. (2019)

Jia et al. (2021)

Shmookler Reis et al. (2021)
Luo et al. (2023)

Hippocampus
Hippocampus
Hippocampus
Entorhinal Cortex
Hippocampus

Hippocampus & Entorhinal Cortex

AD: 4 (3) | Control: 4 (2)

Control: 5 (0) | AD: 5 (0) | Parkinson's disease: 6 (0)
AD = 18 (10) | Control: 10 (5)

AD: 7 (4) | Control: 18 (7)

AD: 3 (?) | Control: 3 (?)

AD: 31 (16) | Control: 22 (8)

Frontal lobe

Panich et al. (2021)

Fisher et al. (2023)

Dorsolateral pre-frontal cortex.

Prefrontal cortex

Framingham Heart Study & Boston University Alzheimer’s Disease Center
AD: 64 (27) | Controls:129 (65)

Control: 16 (?) | AD: 13 (?) | Lewy body dementia: 12 (?) |

Lewy body dementia & AD: 10 (?) | Parkinson's disease =8 (?)

Parietal & occipital lobe

Mills et al. (2013)
Guennewig et al. (2021)

Caldwell et al. (2022)

Parietal Lobe

Primary visual cortex
& precuneus

Primary visual cortex

AD: 5 (0) | Control: 5 (0)
AD: 5 (2) | Control: 5 (2)

Early onset sporadic AD: 19 (7) | Late-onset AD: 20 (9) | Control: 8 (4)

Multiple brain regions

Twine et al. (2011)

Miller et al. (2017)

Lee et al. (2020)

Li et al. (2021)

Marques-Coelho et al. (2021)

King et al. (2022)

Santana et al. (2022)

Total brain, frontal lobe, & temporal
lobe

Temporal cortex, parietal cortex,

parietal white matter, & hippocampus.

Cortex tissues

Superior temporal gyrus
& inferior frontal gyrus

Frontal lobe &
temporal Lobe

Primary visual cortex
& middle temporal gyrus

Auditory cortex, hippocampus, &
cerebellum.

Total brain control = 23 (10) | Frontal lobe control = 10 (5) | Total brain AD =
1 (0) | Frontal AD = 1 (0) | Temporal lobe AD = 1 (0)

Non-demented = 56 (20) | Demented = 50 (23)

Alzheimer's disease: 6 (?) | Controls: 6 (?)

Superior temporal gyrus AD = 24 (11) | Mild Cognitive Impairment (MCI) = 14
(7) | Control = 38 (11).
Inferior frontal gyrus - AD: 33 (21) | | MCI: = 9 (4) | Control = 23 (6).

Mayo Temporal Lobe - AD: 82 (49) | Control: 78 (37)

Mount Sinai Brodmann Area 10 - AD: 105 (65) | Control: 71 (39)

Mount Sinai Brodmann Area 22 - AD: 98 (57) | Control: 61 (32)

Mount Sinai Brodmann Area 36 - AD: 88 (56) | Control: 64 (33)

Mount Sinai Brodmann Area 44 - AD: 90 (56) | Control: 63 (31)

ROSMAP Dorsolateral Prefrontal Cortex - AD: 222 (155) | Control: 201 (124)

Mid-life control: 15 (5) | Healthy aged control: 18 (7) | AD = 13 (6)
Lifetime cognitive resilient = 9 (4) | Lifetime cognitive decline = 8 (2)

AD: 6 (4) | Control: 6 (3)

Table 1: Brief overview of study characteristics.
Table showing first author and year for each study, brain regions assessed, and sample size per group. More thorough overview of study characteristics
provided in the data extraction table (Supplementary Table 2). A “(?)” in the “Sample size per group” column indicates that the study omitted information
about number of females included. Table is organized by brain region and then sorted by year of publication.
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Studies in temporal lobe excluding hippocampus and entorhinal cortex.

There were six studies in temporal lobe specifically (excluding studies specifically on the hippocampus and
entorhinal cortex); here, we briefly summarize each study in order of publication. Humphries et al.%® (published
in 2015) included patients with AD, cognitively normal controls, and a disease control group (dementia with
Lewy Bodies). Including this disease control group allowed for differentiation between processes due to
general neurodegeneration and those specific to AD. Each group had 10 subjects, with one temporal lobe
sample per subject. The study identified 16 differentially expressed genes (DEGs) when comparing AD
patients to normal controls. Further comparison of these genes between AD and the disease control group
revealed that five genes were differentially expressed—C1700rf105 and RARRES3 were upregulated in AD
while DIO2, ENSG00000249343.1, and WIF1 were downregulated. These transcriptional findings were
validated using two independent, publicly available microarray datasets. Additionally, network analysis of 2,504
genes with nominal transcription differences between AD and normal controls indicated differences in
myelination and innate immunity. Study strengths include well-defined AD diagnostic criteria through cognitive
and pathological assessments, the inclusion of a neurodegenerative disease control group, validation of results
with independent datasets, and high sequencing throughput (over 50 million reads per sample). However, the
study’s limitations are a small sample size (10 subjects per group), a lack of females, not sharing raw data in
an online repository, the omission of a comprehensive table of differential gene expression analysis results,
and not reporting on key methodological details such as post-mortem interval.

Barbash et al.®* (published in 2017) used temporal lobe samples from the RUSH Memory and Aging project,
divided into cognitively normal controls, mild cognitive impairment, and patients with AD. Each group was
further categorized by low, moderate, and high Braak staging, resulting in nine groups with four subjects each.
Additionally, temporal gyrus samples obtained from the NeuroBioBank were divided into patients with AD, non-
demented patients with pathologic AD, and non-demented patients without pathologic AD, with eight samples
per group. These samples underwent RNAseq after selective quantitative amplification of RNA to identify
transcript variants with alternative 3’-UTR alternatively poly-adenylated sequences. They reported 1217 DEGs
associated with cognition and 570 DEGs associated with pathology. Differential polyadenylation analysis
showed 98 genes with increased adenylation in AD and non-demented with pathologic AD compared to non-
demented without pathologic AD. In addition, there were 45 genes with decreased adenylation in AD and non-
demented patients with pathologic AD compared to non-demented patients without pathologic AD. Lipid
processing, cognition level, and AD pathology were linked, implicating genes NOVA1 and hnRNPA1 in patients
with AD pathology but normal cognition near the time of death. Strengths of this study include well-defined AD
diagnostic criteria through cognitive and pathological assessments, subgroup analysis stratified by cognitive
and pathological criteria, results validation with lipid mass spectrometry and RT-PCR, assessment of cell-type
specific gene expression, RNAseq data deposited in an online repository, and high sequencing throughput
(over 50 million reads per sample). However, the study's limitations are a small sample size, a lack of females,
the omission of a comprehensive table of differential gene expression analysis results, and missing key
methodological details such as post-mortem interval for RUSH Memory and Aging project samples.

Piras et al.*? (published in 2019) performed RNAseq of the middle temporal gyrus in eight AD patients and
eight non-demented controls. They identified 1,534 differentially expressed genes. Upon comparison with
independent datasets, 453 validated genes were found. Pathway analysis of these validated genes revealed
Clathrin-mediated endocytosis as the most significantly associated pathway. Further analysis correlated the
validated genes with Braak staging and neurofibrillary tangles, identifying AEBP1 (upregulated) and NRN1
(downregulated) as the most significantly linked genes and potential biomarkers for AD. Additionally, pathway
analysis specific to long non-coding RNAs revealed disruptions in 61 pathways, including those involved in
GABAergic transmission and peptide chain elongation. The study's limitations include a small sample size, the
use of short-read RNAseq (50 nucleotides) for transcriptome assembly which may lead to inaccuracies, the
absence of raw data in an online repository, lack of a comprehensive table with differential gene expression
analysis results, and not reporting participants' ethnicity. The study strengths included well-defined AD
diagnostic criteria through cognitive and pathological assessments, a thorough description of methodology
enhancing reproducibility, inclusion of both sexes, and validation of main findings using an independent
microarray dataset.

Cho et al.®? (published in 2020) focused on comparing patients with chronic traumatic encephalopathy (CTE),
AD, CTE concurrent with AD (CTE/AD), and normal controls. RNAseq was performed on anterior temporal
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lobe samples to investigate transcriptomic differences. Using weighted gene co-expression network analysis
(WGCNA) and principal component analysis (PCA), the study found that genes related to synapse signaling,
such as synaptotagmins, were commonly downregulated in CTE, CTE/AD, and AD. Genes involved in memory
function, including calcium/calmodulin-dependent protein kinase I, protein kinase A, protein kinase C, and
AMPA receptor genes, were downregulated across these disorders, highlighting similarities between AD and
CTE. These RNAseq findings were validated using gPCR and Western blot analyses. Strengths of this study
include availability of raw data in an online repository, validation of results using orthogonal methods, and the
inclusion of CTE and CTE/AD groups. Limitations of this study include lack of well-defined AD diagnostic
criteria, small sample size, inclusion of females in only two out of the four groups, omission of a comprehensive
table with differential gene expression analysis results, and omission of key details such as post-mortem
interval and RNA integrity number.

Felsky et al.®! (published in 2022) was the only literature record meeting our inclusion criteria that investigated
AD transcriptomic differences among different ethnic groups, making it a particularly unique and important
study. It performed RNAseq on the temporal cortex of Caribbean Hispanic patients and controls, comparing
results to non-Hispanic white cohorts in the ROSMAP and Mayo datasets. They found 118 genes with
significant effects in Caribbean Hispanic patients, showing opposite directions in both comparison datasets,
suggesting ancestry-driven differences in translational machinery activation. NPNT was the top differentially
expressed gene in the cross-ancestry meta-analysis. Ancestry-specific enrichment analysis highlighted
ribosomal genes and those involved in protein synthesis and trafficking. The strengths of this study include the
representation of two ethnicities and both sexes, validation and comparison of results using publicly available
RNAseq data, and providing a comprehensive table with differential gene expression analysis results. The
study is limited by the relatively low RNA quality in the Caribbean Hispanic cohort, small sample size, lack of
raw data availability for newly generated data, and missing key methodological details such as not specifying
which genome annotation was used.

Das et al.®° (published in 2023) utilized laser capture microdissection on superior temporal gyrus samples from
AD patients and controls. In AD patients, areas dissected included amyloid beta plaques, the halo surrounding
these plaques, neurofibrillary tangles (NFT) and their halo, and regions free from plaques and tangles. These
were compared to plaque and tangle free cortical areas in normal controls. Additionally, the AD patients were
subdivided based on APOE status into €3/e3 and €4/¢4 groups to examine within-group differences. The study
found that amyloid beta plaques showed an upregulation of microglial genes and a downregulation of neuronal
genes, indicating neuroinflammation and phagocytosis. In contrast, NFTs were only associated with
downregulation in neuronal genes. When comparing the APOE €3/¢€3 and €4/¢4 groups, the transcriptomic
changes were more pronounced in the amyloid beta plaques of the €4/¢4 group. The strengths of this study
include an innovative approach using laser capture microdissection to understand transcriptomic changes
associated with neurofibrillary tangles and beta-amyloid plaques. Additionally, it features well-defined AD
diagnostic criteria through cognitive and pathological assessments, subgroup analysis based on APOE status,
a comprehensive table of differential gene expression analysis results, and deposition of raw data in an online
repository. However, the study is limited by a small sample size, lack of validation for results, and the use of
short reads (60 nucleotides) for transcriptome assembly which may lead to inaccuracies.

Studies in hippocampus and entorhinal cortex

Six studies focused specifically on the hippocampus and entorhinal cortex, where AD pathogenesis generally
begins. Magistri et al.>® (published in 2015) compared RNAseq differences in the hippocampus of four late-
onset AD cases versus four age-matched controls. Differential expression analysis identified 143 protein-
coding genes, 90 lincRNAs, 31 antisense RNAs, and 1 novel putative protein-coding gene with significant
differences between AD and controls. Of these, 61 protein-coding genes were under-expressed and 82 were
over-expressed in AD. Notably, the TAC1 gene, encoding substance P, was downregulated, and SERPINET1,
coding for plasminogen activator inhibitor type-1, was significantly upregulated in AD. Pathway analysis
highlighted neurovascular defects and altered amyloid- homeostasis. Additionally, 72 of the differentially
expressed lincRNAs were novel, with AD-linc1 and AD-linc2 validated by RT-qPCR. Among differentially
expressed antisense RNAs, 21 were upregulated and 10 downregulated. Strengths of this study include RT-
gPCR and cell-line functional validation of results, well-defined AD diagnostic criteria through cognitive and
pathological assessments, high Braak scores in AD samples without cellular population imbalances compared
to controls, high sequencing depth (over 50 million reads per sample), and sharing raw data in an online
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repository. However, the study has some limitations including small sample size, missing key methodological
details such as read length, and not providing a table with comprehensive differential gene expression analysis
results.

Annese et al.*®® (published in 2018) compared RNAseq results from the hippocampal CA1 region of six late-
onset AD patients, six cognitively normal controls, and six Parkinson’s disease patients as disease controls,
including both grey and white matter. Principal component analysis identified and excluded one control and
one AD sample as outliers. AD cases were selected based on dementia status, Braak V or VI, and positive A
plagues and NFTs on autopsy, while controls had no neurological disease history or brain abnormalities.
Parkinson’s disease patients were positive for Lewy bodies in the substantia nigra. The study identified 2,122
DEGs between AD and controls, with 2,075 protein-coding genes (789 upregulated, 1,286 downregulated) and
47 IncRNAs (19 upregulated, 28 downregulated). Between Parkinson’s disease samples and non-demented
controls there were 19 differentially expressed protein-coding genes, with 11 overlapping with AD, leaving
2,064 genes for pathway analysis. Additionally, small RNAseq was conducted on the hippocampus, middle
temporal gyrus, and middle frontal gyrus in AD patients and controls, and only the hippocampus in Parkinson’s
disease patients. RNAseq results were validated by RT-qPCR in a larger cohort of nine controls and nine AD
patients. The study confirmed no significant changes in neuronal marker expression, indicating no cell
population imbalances. Strengths of this study include RT-qPCR validation, thorough cell population
assessment, well-defined AD diagnostic criteria through cognitive and pathological assessments, high
sequencing depth (over 50 million reads per sample), and exemplary reporting of methods, including all
software versions used and major methodological details. Additionally, the study included a disease control
(Parkinson’s disease). The main limitations are the small sample size, lack of raw data sharing in an online
repository, absence of a comprehensive table of differential gene expression analysis results, and not including
females.

The study by van Rooij et al.>° (published in 2019) compared whole transcriptome sequencing of 18 AD
hippocampal samples to 10 age- and sex-matched cognitively healthy controls. Two outlier AD cases were
removed due to high expression of TTR, a gene specifically expressed in the choroid plexus. The study did not
provide specific parameters for defining AD cases versus controls, but post-mortem analysis revealed
significant differences in Braak score, brain pH, brain weight, amyloid deposition, and post-mortem delay, with
Braak scores above five for AD cases and below 2.8 for controls. RNA was isolated from the dentate gyrus and
cornu ammonis for each case and control. The researchers identified 2,716 DEGs in the discovery dataset,
with 1,610 DEGs involved in protein-protein interactions, clustering 735 DEGs into 33 gene modules. These
findings were replicated in an independent RNAseq dataset, identifying 2,490 DEGs with 1,311 replicating from
the discovery set, clustering 653 DEGs into 37 modules. Gene set enrichment analysis revealed significant
gene ontology biological processes in each module. The study's strengths include the replication of findings
using a publicly available RNAseq dataset, and the provision of a comprehensive table of differential gene
expression analysis results. However, there are several limitations. The study does not report key details such
as RNA integrity scores and the ethnicity of subjects, nor does it provide formal criteria for AD diagnosis.
Additionally, the sample size is relatively small.

Jia et al.*® (published in 2021) took postmortem entorhinal cortex samples from AD patients and non-AD
controls to investigate both proteomic and transcriptomic changes in the disease. Proteomic analysis,
performed with liquid chromatography tandem mass spectrometry on tissues from four AD and four non-AD
donors, identified differentially expressed proteins, while transcriptomic analysis, using RNA sequencing on
seven AD and 18 control samples, identified differentially expressed genes. Integrated transcriptomics and
proteomic analysis revealed substantial dysregulation of ion transport, further validated through
immunohistochemistry. This study is notable for including both sexes and combining transcriptomic and
proteomic data. However, it was limited by a small sample size, lack of detailed reporting on sequencing
methods, insufficient data on cohort characteristics, and lack of publicly available raw data, impacting the
study's rigor and reproducibility.

Shmookler Reis et al.*® (published in 2021) explores the role of nucleic acids in protein aggregation linked to
neurodegenerative diseases. The researchers extracted and sequenced RNA and DNA from Sarkosyl-
insoluble aggregates taken from the hippocampus of three AD patients and three age-matched controls.
RNAseq revealed a significant, nonrandom presence of specific RNA sequences within the aggregates,


https://doi.org/10.1101/2024.11.07.622520
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.11.07.622520; this version posted November 8, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

particularly overrepresented in AD samples. Knockdown of the translational elongation factor EEF2 in a cell-
line model significantly reduced RNA content in the aggregates, underscoring the role of translational dynamics
on aggregate composition. This innovative study explores the molecular pathology of neurodegenerative
diseases, highlighting translational processes and nucleic acid interactions as potential therapeutic targets.
The study's strengths include functional experimentation and epigenetic comparisons. However, it faces
several limitations. These include a small sample size, not correcting p-values for multiple comparisons, lack of
a comprehensive table of differential gene expression analysis results, failure to deposit raw data in an online
repository, and insufficient methodological details. Specifically, the study does not provide a formal definition
for AD, lacks information on sample demographics, RNA quality metrics, and specific RNA sequencing
parameters, which significantly compromise the study's rigor and reproducibility.

Luo et al.** (published in 2023) conducted a thorough RNAseq analysis, incorporating cell-type deconvolution,
surrogate variable analysis for batch effects, and WGCNA network analysis in a Chinese population. It
examined five critical brain regions associated with AD: hippocampus CA1-CA4 and the entorhinal cortex. Key
discoveries included identifying extensive gene expression changes, highlighting the role of PSAP in promoting
astrogliosis and A1-reactive astrocyte phenotype, and uncovering AD-related signaling pathways and cell-type
specific responses, particularly in the entorhinal cortex. The study's strengths include its use of multiple brain
regions, inclusion of both sexes, and functional follow-up involving animal models and in-vitro astrocyte-neuron
co-culture from rat-derived cells. However, the study had limitations such as a relatively small sample size,
vague methodological reporting (e.g., unspecified p-value correction, sequencing instrument, read length, and
read type), and lack of raw data availability.

Studies in frontal lobe

Of the 24 literature records meeting our inclusion criteria, only two performed RNAseq on the frontal lobe
specifically. Panitch et al.*? (published in 2021) grouped patients with and without AD based on their APOE
genotype, including €2/ €3, €3/ €3, and €3/ €4 groups. RNAseq was performed on samples from the prefrontal
cortex, revealing differential expression of complement pathway genes, particularly C4A and C4B in APOE €2/
€3 AD cases compared to controls. These genes are involved in immune and inflammatory responses in the
brain, suggesting a mechanism that may contribute to the protective effects of the €2 allele against AD. The
study also identified a specific co-expression network related to astrocytes, oligodendrocytes, and their
progenitor cells, which is enriched in APOE €2/¢3 AD cases. Key genes in this network, including C4A, C4B,
and HSPA2, are significantly associated with tau pathology, indicating a tau-centric mechanism of AD
progression in the context of APOE €2. This study's strengths include a large sample size, the inclusion of both
sexes, and inclusion of publicly available datasets to supplement original data. Differential gene expression
analysis was performed by APOE genotype, using well-defined AD diagnostic criteria through cognitive and
pathological assessments. Additionally, well-matched control subjects were included, with similar age and sex
distributions to the AD subjects. However, the study did not report participants' ethnicity or share data in an
online repository. It also lacked a comprehensive table of differential gene expression analysis results and
omitted key details such as sequencing depth and read length for RNA sequencing data.

Fisher et al.®® (published in 2023) investigated differentially expressed and methylated genes in the prefrontal
cortex across five groups: individuals with AD, pure dementia with Lewy bodies, dementia with Lewy bodies
with concomitant AD, Parkinson’s disease, and non-demented controls. The researchers identified distinct
methylation and transcriptional patterns between Lewy body driven dementias versus amyloid-beta driven
dementias. Significantly, they discovered transcriptional differences in oxidative stress response pathways
between controls and all dementia types, highlighting the role of these processes in dementia development
and progression. The study's strengths include the inclusion of multiple disease control groups as well as a
non-demented control group, well-defined AD diagnostic criteria through cognitive and pathological
assessments, shared raw data in an online repository, a comprehensive table of differential gene expression
analysis results, and the inclusion of methylation data. However, the study's limitations include a small sample
size and not reporting key methodological details such as sequencing depth, read length, and whether reads
were single-end or paired-end.
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Studies in parietal and occipital lobe

Three out of the 24 literature records performed bulk RNAseq in the parietal or occipital lobes specifically. Mills
et al.*’ (published in 2013) utilized RNAseq to investigate gene and transcript expression changes in the
parietal cortex of AD patients. The study identified elevated transcriptome activity and significant changes in
lipid metabolism pathways in AD parietal cortex. Notably, non-protein coding isoforms of the DB/ gene were
upregulated in AD. This was one of the earliest studies using RNAseq for AD research, with strengths being
the validation of findings by RT-qPCR and sharing of raw data via an online repository. However, the study had
several limitations, such as a small sample size, low sequencing depth, potential errors in transcript
quantification due to short read lengths (36 nucleotides), lack of a formal AD definition, missing ethnicity data,
and lack of females in the study. Furthermore, omission of key information such as the RNA extraction kit
used, RNA integrity number, post-mortem interval, and a comprehensive table of differential expression
analysis results hinders the study's rigor and reproducibility.

Guennewig et al.*” (published in 2021) analyzed RNAseq data from five AD cases and five controls matched
for gender, age, APOE genotype, and RNA integrity number. Patient information included dementia status,
clinical dementia rating, and AD pathological diagnosis using the 'ABC' criteria focused on pathology. All AD
cases were Braak stage VI with a high likelihood of AD. Sequencing focused on the precuneus and primary
visual cortex. The precuneus showed 559 DEGs, with 462 protein-coding and 97 long non-coding transcripts.
The primary visual cortex had 71 DEGs, 44 protein-coding, and 27 long non-coding transcripts, with 40 DEGs
shared with the precuneus. Twenty-seven protein-coding DEGs were common to both regions. Eight protein-
coding genes were validated by droplet digital PCR, and precuneus DEGs were compared to ROSMAP
RNAseq data. Results were also analyzed for overlap with AD risk genes. The study's strengths include
validation using droplet digital PCR and ROSMAP data comparison, sharing raw data in an online repository,
and including two brain regions. The main weaknesses were the small sample size, not providing a
comprehensive table of differential expression analysis results, and omission of subjects’ ethnicity.

Caldwell et al.®® (published in 2022) performed RNAseq on 19 early-onset sporadic AD patients (onset before
60 years) and 20 late-onset AD patients (onset between 70 and 80 years), comparing them with eight aged,
non-demented controls. Brain tissue was taken from the primary visual cortex. AD samples were selected
based on the absence of alternative diagnoses and APOE status (APOE €3/3 or €3/4). The Blessed
Information-Memory-Concentration test, the Mini-Mental State Examination, and the Mattis Dementia Rating
Scale, along with Braak staging (VI for AD, | or Il for controls), were used to classify patients. Hierarchical
clustering of RNAseq data identified four transcriptomic clusters, with three clusters mixing early and late-onset
cases. One cluster was discarded for quality control. The study found that the number of DEGs compared to
controls increased with earlier age of onset and death. Strengths of the study include well-defined AD
diagnostic criteria through cognitive and pathological assessments, high sequencing depth, inclusion of both
sporadic and late-onset AD cases, and sharing raw data in an online repository. Limitations include a small
sample size, no reported attempt at validating results through orthogonal methods or publicly available data, no
comprehensive table of differential expression analysis results, and omission of key details such as post-
mortem interval and subject ethnicity.

Studies in multiple brain regions

Out of the 24 literature records included in this systematic review, seven performed bulk RNAseq in multiple
brain regions. Twine et al.*® (published in 2011) conducted an RNAseq study to compare gene expression and
splicing patterns between AD patients and healthy controls, focusing on brain tissues from the temporal lobe,
frontal lobe, and whole brain. Their analysis revealed significant differences in genes related to neuronal
structure, synapse function, and immune response. Gene ontology analysis highlighted an over-representation
of terms linked to synaptic components and neuronal projections, suggesting disruptions in neuronal
connectivity and signaling. Notably, they observed changes in the expression levels and promoter usage of the
APOE gene, which could provide insight into the mechanisms by which APOE isoforms contribute to
neurodegeneration. Despite its pioneering use of RNAseq in the year 2011, the study had several limitations.
The small sample size, with only one AD sample per brain region, non-age-matched controls with a wide age
range, and gender imbalance between groups (females only in the control group) complicated the
interpretation of results. Moreover, the study lacked clear criteria for defining AD and omitted key details such
as sample ethnicity, RNA extraction methods, RNA integrity numbers, post-mortem intervals, and thresholds


https://doi.org/10.1101/2024.11.07.622520
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.11.07.622520; this version posted November 8, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.
for defining differential expression. The use of short-read sequences (36 nucleotides) for transcriptome
assembly may have led to inaccuracies in transcript-level abundance estimates, and there were no attempts to
validate results with orthogonal techniques.

Miller et al.* (published in 2017) utilized RNAseq to investigate gene expression differences between
demented and non-demented individuals from the Adult Changes in Thought study. The study included tissue
samples from the temporal lobe, parietal lobe, and hippocampus of 106 participants. The demented group
comprised individuals with various forms of dementia, predominantly AD, but also included cases of vascular
dementia and mixed dementia. Additionally, half of the subjects had a history of traumatic brain injury.
Surprisingly, the researchers did not identify any DEGs despite employing multiple analysis methods. The
study strengths included the comparison of results with previous studies, the availability of raw data in an
online repository, the provision of a comprehensive table of differential gene expression results, the inclusion of
multiple brain regions, and the reporting of negative findings. The study's weaknesses included the grouping of
diverse dementia types and subjects with traumatic brain injuries into a single "demented" category, which
hindered the ability to draw specific conclusions about AD alone.

Lee et al.>* (published in 2020) conducted an integrated analysis of H3K9me3 ChIP-seq and RNAseq on
cortex tissues of six AD cases and six controls. Diagnoses were confirmed by neuropathologists using NIA
Reagan criteria, with AD cases having Braak stage V or VI and controls having Braak stage | or Il. The
analysis identified 3,367 DEGs, with 1,913 upregulated and 1,454 downregulated in AD. Integrated data
revealed 90 genes with inverse relationships between H3K9me3 levels and mRNA expression, including 46
with increased mRNA and decreased H3K9me3 levels and 44 with the opposite pattern. Functional
enrichment, network, and gene set enrichment analyses were performed, with results validated by qPCR,
western blot, and confocal microscopy. The findings suggest that abnormal heterochromatin remodeling by
H3K9me3 leads to the downregulation of synaptic function-related genes, contributing to AD synaptic
pathology. Strengths of this study include thorough validation of results using multiple methods, a multi-omics
approach combining RNAseq and ChlP-seq, high sequencing depth, and sharing raw data in an online
repository. Weaknesses of this study include small sample size, not applying correction for multiple
comparisons on p-values, not specifying which cortex tissues were used for RNAseq, not providing
demographic information for the subset of samples with RNAseq data, and omitting key details such as RNA
integrity number and post-mortem interval.

Li et al.*® (published in 2021) compared superior temporal gyrus and inferior frontal gyrus samples from
patients with AD and cognitively normal controls. They also investigated differences between patients with mild
cognitive impairment and normal controls. The study identifies key genes with altered expression in AD,
emphasizing the significance of microglial genes such as OLR17 and the astrocyte gene CDK2AP1. OLR1 had
the strongest association with amyloid plaque burden. CDK2AP1 had the strongest association with cognitive
measures and neurofibrillary tangle burden and also showed an association with amyloid plaque burden.
These findings highlight the critical roles of microglia and astrocytes in the disease's pathology, potentially
offering new targets for therapeutic interventions. Strengths of this study include well-defined AD diagnostic
criteria through cognitive and pathological assessments, inclusion of the mild cognitively impaired group,
comparison of DEGs with previously published results, and inclusion of multiple brain regions. Weaknesses
included not sharing raw data in an online repository, not providing a comprehensive table of differential
expression analysis results, and poor age and sex matching between groups.

Marques-Coelho et al.*? (published in 2021) does not present original RNAseq data, unlike the other papers
included in this systematic review. However, it integrates data from the three largest RNAseq datasets: the
Mayo Clinic study®** (n=160), the Mount Sinai/JJ Peters VA Medical Center Brain Bank (MSBB)®* (n=165), and
the Religious Orders Study and Memory and Aging Project (ROSMAP)*¢ (n=423). To ensure completeness, we
included this study to represent these datasets. The study compared RNAseq results from temporal and frontal
lobe samples of AD patients and non-demented controls, performing statistical comparisons in each dataset
separately before examining similarities and differences in the results between datasets. By combining
differential gene expression and isoform switch analyses, the study identified isoform switches in key AD-
related genes, such as APP and BIN1. The differential transcript usage analysis revealed genes undergoing
isoform switching without global expression changes. Strengths of this study include a large sample size,
multiple brain regions, well-defined AD diagnostic criteria through cognitive and pathological assessments,
inclusion of RNA isoform level analysis, single-cell analysis to identify cell-type specific signatures, and the use
of western blot to validate some results at the protein level. Raw data is available in an online repository.
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Weaknesses included not reporting the ethnicity of subjects—which are mostly Caucasian from the data
description publications3-3¢—and the lack of a table providing comprehensive differential gene expression and
isoform switching results.

King et al.>® (published in 2022) compared mid-life controls and aged controls with AD patients. Aged controls
were divided into cognitive resilient and cognitive decline groups for comparison. Total homogenate and
synaptoneurosome samples from the middle temporal gyrus and the primary visual cortex of each patient were
analyzed. Gene expression involved in synaptic signaling decreased from mid-life to aged and AD cases.
Notably, the cognitive resilient group showed lower expression of synaptic signaling genes compared to the
cognitive decline group. Strengths of this study include the use of multiple brain regions, analyzing total brain
homogenate and synaptoneurosome separately, well-defined AD diagnostic criteria through cognitive and
pathological assessments, a multi-omics approach combining RNAseq and proteomics, and functional
validation of results using neuronal cultures. Weaknesses included not sharing raw data in an online
repository, assembling the transcriptome with 50 nucleotide short-reads—which could lead to errors in
assembly and quantification errors—small sample size, and omitting key methodological details such as
sequencing depth.

Santana et al.*" (published in 2022) conducted RNAseq in the auditory cortex, hippocampus, and cerebellum
of six AD patients and six non-demented controls. Additionally, they performed chromatin immunoprecipitation
sequencing (ChIP-Seq) on these same samples using an H3K9 antibody. The researchers identified 22 genes
that were both upregulated and hyperacetylated in the auditory cortex. Only one gene, SCA/, was found to be
simultaneously downregulated and hypoacetylated. Network analysis of these genes revealed involvement in
cytoskeletal organization, Rho GTPase-mediated mechanisms, synaptic transmission, and inflammatory
processes. Strengths of this study included the use of multiple brain regions, a multi-omics approach
combining ChIP-Seq and RNAseq, well-defined AD diagnostic criteria through cognitive and pathological
assessments, and high sequencing depth. Limitations of this study included small sample size, imbalanced sex
between AD and non-demented control groups, not sharing raw data in an online repository, not providing a
comprehensive table of differential expression analysis results, and omitting key details such as subjects’
ethnicity and the software used to generate gene counts matrices.

Quality Assessment

We assessed the quality of the 24 studies included in this systematic review based on ten categories: "Sample
size," "Sex and ethnicity," "AD diagnosis criteria," "Control matching," "Transcript level analysis," "Results
validation," "Sequencing depth," "Statistical rigor," "Data availability," and "Reproducibility." Each category was
rated on a three-point scale, with one (1) indicating the lowest quality and three (3) indicating the highest
quality. The criteria for assigning quality scores are detailed in Table 2, and the quality scores for each study
are shown in Table 3. This quality assessment serves as a proxy for risk of bias assessment in our study. The
mean quality score across all studies and categories was 1.8 (0.75). The category with the highest average
quality score was "Statistical Rigor," with a mean of 2.4 (0.77), due to most studies correcting p-values for
multiple comparisons and/or including covariates in their differential expression analysis models. The category
with the lowest average quality score was "Transcript level analysis" with a mean of 1.1 (0.34) due to 21 out of
24 studies not including any transcript level analysis. This omission is significant because statistical analysis at
the transcript level has been shown to enhance resolution®®, despite the limitations of short-read sequencing
for measuring expression at the transcript level®®-%°. The study with the highest mean quality score across alll
categories was Marques-Coelho et al.*?, with a score of 2.3 (0.48), whereas the study with the lowest mean
quality score was Shmookler Reis et al.*, with a score of 1.2 (0.68).
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Category Quality score 1 criteria (lowest) Quality score 2 criteria Quality score 3 criteria (highest)
Sample Less than 50 total samples Less than 150 total samples Greater than or equal to 150 total
sizep OR less than 20 samples per OR less than 65 samples per samples OR more than or equal to
group. group. 65 samples per group
Sex and Inclt{dgd only one sex and Included both sexes OR more Included both sexes AND more than
oy ethnicity/race or did not report e, e
ethnicity cither than one ethnicity/race. one ethnicity/race.
AD Provides no formal definition of Defined by clinical diagnosis of  Defined by clinical diagnosis of
Diagnosis e 1 L dementia OR defined by post-  dementia AND defined by post-
gt Alzheimer’s diagnosis criteria. . .
criteria mortem brain pathology. mortem brain pathology.
Age average difference between Age average difference Age average difference between
control group and AD is more than between control group and AD 9 9 R
. S control group and AD is within than 5
Control 5 years AND difference between is within than 5 years OR .
. . ) ; . years AND difference between
matching proportion of females in AD and difference between proportion ) .

h o - proportion of females in AD and
control group is greater than 10% of females in AD and control control group is within 10% points
points. group is within 10% points. group °P ’

Transcript . . Includes_ dlfferentlgl transcript Includes differential transcript
Does not include transcript level expression analysis OR . - . .
level . . ) . expression analysis AND differential
. analysis. differential transcript usage - .
analysis ; transcript usage analysis.
analysis.
Results No validation of results with Validation of results with Validation of results with orthogonal
R orthogonal techniques AND no orthogonal techniques OR techniques AND functional
validation : S : o ]
functional validation. functional validation. validation.
Less than or equal to 20 million
Sequencing reads per sample OR did not report  Between 20 million and 50 Greater than or equal to 50 million
depth on sequencing depth (number of million reads per sample. reads per sample.
reads per sample).
- D_oes no_t use covarlates n Uses covariates in differential Uses covariates in differential
Statistical differential expression model . .
- . ) expression model OR reports expression model AND reports
rigor AND did not report on multiple . . . . - !
- ; on multiple testing correction. on multiple testing correction.
testing correction
Data only available upon requestto  Data deposited in online
Data corresponding author AND does repository OR provides a table  Data deposited in online repository
o not provide a table with full results with full results from AND provided a table with full results
availability . . ) . . ) . ) h \
from differential expression differential expression from differential expression analysis.
analysis. analysis.
Missing information for one or more . . Reports information for all the data
h Reports information for all the . .
. of the data extraction columns A . extraction columns listed AND
Reproducibility . . data extraction columns listed .
(Supplementary Table 1) listed in . reports version for all the software
. * in the row to the left. h
this legend*. used for analysis.
Table 2: Definitions of objective criteria for quality assessment scoring.
The lowest/worst quality score is one (1) and the highest/best quality score is three (3). There are 10 different categories for
objective quality assessment. The data extraction table (Supplementary Table 2) columns used to score the “reproducibility”
category are: RNA extraction kit, RNA enrichment and/or depletion, RNA Integrity Score (RIN), Library preparation, Post-
Mortem Interval (PMI), Read Length, Number of Reads per sample, Paired-end or single end reads, Sequencing platform,
Aligner, Reference genome, Quantification tool, Transcriptome annotation, Differential expression tools, Differential expression
thresholds.
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Average
AD Transcript . s score per
Study Sample Sex ?r.‘d diagnose Cont.rol level R.eSL."tS SR Stat|st.|cal " D.qta Reproducibility study
size ethnicity roneh matching . validation depth rigor availability
criteria analysis (standard
deviation)
Shmookler
Reis et al. 1 1 1 1 1 3 1 1 1 1 1.2(0.63)
Twine et al. 1 1 1 1 2 1 1 2 2 1 1.3(0.48)
Mills et al. 1 1 1 2 2 2 1 2 2 1 1.5(0.53)
Cho et al. 1 2 1 2 1 2 2 2 2 1 1.6 (0.52)
Jia et al. 1 2 2 1 1 2 3 2 1 1 1.6 (0.7)
Barbash et 1 1 2 2 1 2 3 1 2 1 16(0.7)
Lee et al. 1 1 3 1 1 2 3 1 2 1 1.6 (0.84)
Luo et al. 2 2 2 1 1 3 1 3 1 1 1.7 (0.82)
j'la”ta”a et 1 2 3 1 1 2 3 2 1 1 1.7(0.82)
Felsky et al. 1 3 2 1 1 2 1 3 2 1 1.7 (0.82)
van Rooij et 1 2 2 2 1 2 2 3 2 1 1.8(0.63)
King et al. 1 2 3 2 1 3 1 2 2 1 1.8(0.79)
Humphries 1 1 3 3 1 2 3 2 1 1 1.8(0.92)
et al.
Guennewig 1 2 2 2 1 2 2 3 2 2 1.9(0.57)
et al.
Li et al. 2 2 3 1 1 2 2 3 1 2  1.9(0.74)
Piras et al. 1 2 3 1 1 2 2 3 1 3  1.9(0.88)
Magietry et 1 2 3 1 1 3 3 2 2 1 1.9(0.88)
Fisher et al. 1 2 3 2 1 2 1 3 3 1.9 (0.88)
Annese et al. 1 1 3 2 1 2 3 2 1 3  1.9(0.88)
Caldwell et 1 2 3 2 1 1 3 3 2 1 1.9(0.88)
Das et al. 1 2 3 1 2 3 3 2 2 (0.82)
Panitch et al. 3 2 3 3 1 1 3 1 1 2 (0.94)
Miller et al. 2 2 1 2 3 3 2  2.1(0.57)
Marques-
Coelho et al. 3 2 3 2 2 2 2 3 2 2 2.3(0.48)
Average
score per 1.3 2.4 1.7
criteria (0.6.2) 1.8 (0.53) (0.7'7) (0.64) 1.1 (0.34) 2 (0.55) 2(0.83) 2.4(0.71) 1.8(0.68) 1.4 (0.65) 1.8 (0.75)
(standard
deviation)

Table 3: Quality assessment scores for each study.
Each study was scored across 10 quality assessment categories, with one (1) being the lowest (worst) score and three (3) being the highest (best) score.
Definition of objective criteria for scoring each study can be found in Table 2.
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Next, we tested Spearman correlations between quality scores in each category and year of publication
(Supplementary Table 4, Supplementary Figures 1-11). The quality score correlation for "Sex and Ethnicity"
and publication year was the only to reach the Bonferroni corrected p-value < 0.1 threshold (Spearman’s rho =
0.61, p-value = 0.0012), showing a positive correlation with the year of publication. This indicates that more
recent publications were more likely to include both sexes in their sample. However, it is important to note that
Felsky et al.®' was the only publication to include a substantial number of participants from more than one
ethnicity. Surprisingly, despite the recent emphasis on improving data availability and reproducibility, there was
no correlation between the year of publication and either "Reproducibility" (Spearman’s rho = -0.05, p-value =
0.81) or "Data Availability” (Spearman’s rho = 0.02, p-value = 0.91). Moreover, there was no significant
correlation between average quality score across all categories and year of publication (Spearman’s rho =
0.22, p-value = 0.29).

The quality assessment scale presented here can help guide the design of future transcriptomic studies in AD
using technologies such as single-cell RNAseq, long-read RNAseq, spatial transcriptomics, and
epitranscriptomics. Although some criteria—like sequencing depth in single-cell RNAseq studies—may require
updates, most of the scoring system should remain applicable across various technologies.

Meta-analysis overview

We conducted a meta-analysis using three datasets examined by Marques-Coelho and colleagues®: Mayo
Clinic temporal lobe**, MSBB frontal and temporal lobes®, and ROSMAP dorsolateral prefrontal cortex®.
These datasets were selected based on three key factors: first, each contains over 150 samples, which is
significantly larger than the next largest study that provided a table suitable for meta-analysis, which included
106 samples. Second, the study analyzing these datasets achieved the highest quality assessment score,
thereby minimizing the risk of bias. Third, among the remaining 23 studies, only five provided differential
expression tables suitable for meta-analysis; however, these were excluded due to either small sample sizes
(n < 50) or substantial methodological concerns, such as loosely defined AD status in the study with 106
samples. We split these datasets into two separate meta-analyses. The first was done on the temporal lobe,
using the MSBB Brodmann area 22 dataset (n = 159) and the Mayo temporal lobe data from Brodmann areas
20/21/22/41/42 (n = 160). The second meta-analysis was done on the frontal lobe, utilizing the MSBB
Brodmann area 10 dataset (n = 176) and ROSMAP Brodmann areas 9/46 (n = 423). We excluded two MSBB
datasets—Brodmann area 44 (frontal lobe) and Brodmann area 36 (temporal lobe)—due to overlapping
samples with the included datasets, which would violate the data independence assumption for our meta-
analysis. MSBB Brodmann area 22 was chosen for the temporal lobe analysis over Brodmann area 36 due to
its slightly larger sample size and greater anatomical and functional similarity to the Mayo temporal lobe
dataset regions. For the frontal lobe analysis, MSBB Brodmann area 10 was selected over Brodmann area 44
for its slightly larger sample size and closer anatomical and functional resemblance to the ROSMAP dataset's
Brodmann areas.

Meta-analysis in temporal lobe

We performed a differential gene expression meta-analysis on two temporal lobe datasets analyzed by
Marques-Coelho and colleagues®. The datasets included MSBB Brodmann area 22 (n = 159) and Mayo
temporal lobe data (n = 160), totaling 319 samples. Genes were considered differentially expressed between
AD and non-demented controls if the Bonferroni adjusted p-value was < 0.1 (equivalent to unadjusted p-value
< 3.39 x 107%). Using this threshold, we identified 418 upregulated genes in AD and 153 downregulated genes,
resulting in 571 total DEGs (Figure 2; Supplementary Tables 5-7). Out of these 571 DEGs, 41 were uniquely
identified in our meta-analysis, distinguishing them from DEGs in eight other temporal lobe studies reviewed;
10 DEGs were shared with five of these studies (Table 4; Supplementary Table 8). The I?> metric for
heterogeneity was moderate, averaging 25.22% (SD = 34.32%) across the temporal lobe meta-analysis
(Supplementary Table 9).

Two genes previously implicated in AD through genome-wide association studies® were upregulated in the
temporal lobe of AD samples: PRKD3 (Serine/Threonine-Protein Kinase D3; involved in vesicle transport™),
and CLU (involved in beta-amyloid clearance’""?). A notable downregulated gene was SST (encodes the
peptide hormone somatostatin, involved in modulating glutamatergic signals in the central nervous system™).
HADH, a key enzyme involved in converting medium- and short-chain fatty acids into ketones—a crucial
alternative energy source for the brain during glucose deprivation—was found to be upregulated in AD in our
meta-analysis. This enzyme, also known for binding amyloid-beta peptides’, was uniquely identified in our
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study compared to eight other temporal lobe studies. PARL, a serine protease previously linked to Parkinson's
disease’, was downregulated and also uniquely identified in our meta-analysis. GAD1, which encodes the
enzyme responsible for producing the gamma-aminobutyric acid (GABA) neurotransmitter’®’”, was
downregulated not only in our meta-analysis but also in five other temporal lobe studies. Similarly, STEAPS3, a
gene involved in the ferroptosis pathway’®’°, was upregulated in both our meta-analysis and in five other
temporal lobe studies.

The Metascape analysis for upregulated genes revealed pathways converging around developmental
processes (gland development, mesenchyme development, sensory organ development, muscle structure
development, heart development, renal system development, and embryonic heart tube development),
suggesting aberrant developmental pathway reactivation in the AD brain. Metascape analysis for
downregulated genes in AD temporal lobe produced less robust results compared to upregulated genes. A
couple pathways related to neuronal function (Neuroactive ligand-receptor interaction and regulation of
postsynaptic membrane neurotransmitter receptor levels) were downregulated in AD, indicating neuronal death
and/or dysfunction as possible drivers of differential gene expression.
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Figure 2: Meta-analysis for AD temporal lobe differential gene expression.

a, Differential gene expression results for the AD temporal lobe meta-analysis (n = 319; 180 AD and 139 controls). The Manhattan plot shows -
log10(p-value) on the y-axis and chromosome coordinates on the x-axis. The dotted line represents the Bonferroni corrected p-value threshold
of 0.1 (equivalent to an unadjusted p-value of 3.39 x 1076). Genes were considered significantly differentially expressed between AD subjects
and controls if the Bonferroni corrected p-value was less than to 0.1. Statistics were derived from the Inverse-Variance Weighted Fixed-Effect
Model from METAL®. Red dots indicate genes upregulated in AD, while blue dots indicate genes downregulated in AD. Selected differentially
expressed genes are highlighted with their gene symbols for interest. b, Number of temporal lobe meta-analysis DEGs overlapping with other
studies. The y-axis represents the number of overlapping DEGs, while the x-axis indicates how many of the eight temporal lobe studies each
DEG overlapped with. A value of "0" on the x-axis corresponds to DEGs that are unique to this meta-analysis. More detailed information about
DEG overlap for temporal lobe can be found in Supplementary Table 8. ¢, Metascape pathway convergence analysis for genes upregulated in
the AD temporal lobe. Pathways are listed on the y-axis, with -log10(p-value) on the x-axis. d, Metascape pathway convergence analysis for
genes downregulated in the AD temporal lobe. Pathways are listed on the y-axis, with -log10(p-value) on the x-axis.
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Gene symbol Gene ID Study direction Regulation p-value
DCAF12 ENSG00000198876 ++ Upregulated in AD 3.74E-09
PLPP1 ENSG00000067113 ++ Upregulated in AD 8.83E-08
IGF1R ENSG00000140443 ++ Upregulated in AD 1.32E-07
WDR1 ENSG00000071127 ++ Upregulated in AD 1.73E-07
HADH ENSG00000138796 ++ Upregulated in AD 3.83E-07
MED1 ENSG00000125686 ++ Upregulated in AD 6.04E-07
SPECCI1L ENSG00000100014 ++ Upregulated in AD 7.93E-07
RSU1 ENSG00000148484 ++ Upregulated in AD 7.98E-07
DCAF1 ENSG00000145041 ++ Upregulated in AD 9.89E-07
ZMPSTE24 ENSG00000084073 ++ Upregulated in AD 1.11E-06
UBAP1 ENSG00000165006 ++ Upregulated in AD 1.11E-06
DDX58 ENSG00000107201 ++ Upregulated in AD 1.45E-06
SIK2 ENSG00000170145 ++ Upregulated in AD 1.81E-06
FANCE ENSG00000112039 ++ Upregulated in AD 2.48E-06
MCMBP ENSG00000197771 ++ Upregulated in AD 3.01E-06
CBX5 ENSG00000094916 ++ Upregulated in AD 3.03E-06
LRRC39 ENSG00000122477 - Downregulated in AD 5.18E-09
CCDC102B ENSG00000150636 - Downregulated in AD 1.82E-08
DMAC1 ENSG00000137038 - Downregulated in AD 6.65E-08
MRPS25 ENSG00000131368 - Downregulated in AD 7.67E-08
TAF1D ENSG00000166012 - Downregulated in AD 9.26E-08
CHCHD7 ENSG00000170791 - Downregulated in AD 1.07E-07
ZNF23 ENSG00000167377 - Downregulated in AD 1.77E-07
PDCD6 ENSG00000249915 - Downregulated in AD 2.02E-07
ITPA ENSG00000125877 - Downregulated in AD 2.02E-07
LETMD1 ENSG00000050426 - Downregulated in AD 4.22E-07
AMY2B ENSG00000240038 - Downregulated in AD 4.52E-07
SMIM10L1 ENSG00000256537 - Downregulated in AD 6.69E-07
PARL ENSG00000175193 - Downregulated in AD 8.46E-07
ELP2 ENSG00000134759 - Downregulated in AD 8.83E-07
AZIN2 ENSG00000142920 - Downregulated in AD 8.90E-07
CNPY2 ENSG00000257727 - Downregulated in AD 1.01E-06
MDP1 ENSG00000213920 - Downregulated in AD 1.02E-06
ANAPC4 ENSG00000053900 - Downregulated in AD 1.19E-06
SFPQ ENSG00000116560 - Downregulated in AD 1.34E-06
TUBGCP2 ENSG00000130640 - Downregulated in AD 1.43E-06
RBM45 ENSG00000155636 - Downregulated in AD 1.61E-06
CDK5RAP1 ENSG00000101391 - Downregulated in AD 1.84E-06
SNRNP40 ENSG00000060688 - Downregulated in AD 1.85E-06
RNF34 ENSG00000170633 - Downregulated in AD 2.63E-06
GTF2H5 ENSG00000272047 - Downregulated in AD 2.77E-06
Table 4: Temporal lobe meta-analysis DEGs unique to our study.

List of differentially expressed genes in temporal lobe meta-analysis that were unique to our study when compared to 8 other temporal
lobe studies included in this systematic review. P-value derived from the Inverse-Variance Weighted Fixed-Effect Model from METAL
(n=319).
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Meta-analysis in frontal lobe

We performed differential gene expression meta-analysis on two frontal lobe datasets analyzed by Marques-
Coelho and colleagues®. The datasets included MSBB Brodmann area 10 (n = 176) and ROSMAP Brodmann
area 9/46 (n = 423), totaling 599 samples. Genes were considered differentially expressed between AD and
non-demented controls if the Bonferroni adjusted p-value was < 0.1 (equivalent to unadjusted p-value 3.19 x
1078). Using this threshold, we found 154 genes upregulated in AD and 35 downregulated genes, for a total of
189 DEGs (Figure 3; Supplementary Table 10-12). Out of these 189 DEGs, 39 were uniquely identified in our
meta-analysis, distinguishing them from DEGs in three other frontal lobe studies reviewed; 10 DEGs were
shared with three of these studies (Table 5; Supplementary Table 13). The 1> metric for heterogeneity was
low, averaging 9.79% (SD = 21.84%) across genes in the frontal lobe meta-analysis (Supplementary Table
3).

FOXO04, a transcription factor involved in cellular senescence, oxidative stress, and metabolism8°8! is
upregulated in the AD frontal cortex but not in the temporal cortex. FOXO4 has been shown to inhibit
HIF1A8283 g transcription factor linked to AD-related microglia phenotypic changes in both mouse and human
cell-line models®85. Other upregulated genes in AD frontal lobe included INPP5D (AD risk gene®; regulates
inflammasome activation and autophagy in human microglia), PRX (involved in peripheral myelin upkeep®’),
and KIF5A (a causal gene for familial amyotrophic lateral sclerosis®°). A notable downregulated gene in AD
frontal cortex, but not in the temporal cortex, was RIMS1 which encodes three RNA isoforms integral to
modulating synaptic vesicle fusion and presynaptic plasticity®®. CXCR4, a chemokine receptor implicated in
microglial responses to neurodegenerative diseases®' was upregulated in AD in our meta-analysis as well as
three other frontal lobe studies.

The Metascape pathway analysis results for the frontal lobe were less robust than those for the temporal lobe.
They revealed upregulated pathways centered on nervous system development (glial cell development, neuron
projection development, and notochord development) and cytoskeletal and structural changes (Regulation of
cytoskeleton organization, actin cytoskeleton organization, cortical cytoskeleton organization, tube
morphogenesis, and RHO GTPase cycle). An important pathway for AD, the amyloid precursor protein
metabolic process, was upregulated in the frontal lobe but not in the temporal lobe. These findings highlight
aberrant developmental signatures upregulated in the adult AD brain along with increases in cytoskeletal
structural changes. Metascape analysis for downregulated genes in AD frontal lobe produced less robust
results compared to upregulated genes. Two pathways related to neuronal function—regulation of synaptic
plasticity and neuroactive ligand-receptor interaction—were downregulated in AD, again suggesting that
neuronal death and/or dysfunction may contribute to the observed differential gene expression in the frontal
lobe.
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Figure 3: Meta-analysis for AD frontal lobe differential gene expression.

a, Differential gene expression results for the AD frontal lobe meta-analysis (n = 599; 327 AD and 272 controls). The Manhattan plot shows -
log10(p-value) on the y-axis and chromosome coordinates on the x-axis. The dotted line represents the Bonferroni corrected p-value threshold
of 0.1 (equivalent to a unadjusted p-value of 3.19 x 107¢.). Genes were considered significantly differentially expressed between AD subjects
and controls if the Bonferroni corrected p-value was less than 0.1. Statistics were derived from the Inverse-Variance Weighted Fixed-Effect
Model from METAL®. Red dots indicate genes upregulated in AD, while blue dots indicate genes downregulated in AD. Selected differentially
expressed genes are highlighted with their gene symbols. b, Number of frontal lobe meta-analysis DEGs overlapping with other studies. The y-
axis represents the number of overlapping DEGs, while the x-axis indicates how many of the three frontal lobe studies each DEG overlapped
with. A value of "0" on the x-axis corresponds to DEGs that are unique to this meta-analysis. ¢, Metascape pathway convergence analysis for
genes upregulated in the AD frontal lobe. Pathways are listed on the y-axis, with -log10(p-value) on the x-axis. d, Metascape pathway
convergence analysis for genes downregulated in the AD frontal lobe. Pathways are listed on the y-axis, with -log10(p-value) on the x-axis.
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Gene symbol Gene ID Direction Regulation p-value
MVB12B ENSG00000196814 ++ Upregulated in AD 6.58E-09
TMCC2 ENSG00000133069 ++ Upregulated in AD 8.27E-09
SAMD4A ENSG00000020577 ++ Upregulated in AD 1.24E-08
HSPB2 ENSG00000170276 ++ Upregulated in AD 1.63E-08
TCEA3 ENSG00000204219 ++ Upregulated in AD 3.53E-08
HOMERS ENSG00000051128 ++ Upregulated in AD 3.61E-08
VAT1 ENSG00000108828 ++ Upregulated in AD 4.55E-08
AC106886.5 ENSG00000282034 ++ Upregulated in AD 4.62E-08
ECE1 ENSG00000117298 ++ Upregulated in AD 1.41E-07
HMBOX1 ENSG00000147421 ++ Upregulated in AD 1.60E-07
ANKRD40 ENSG00000154945 ++ Upregulated in AD 1.66E-07
MICALLA1 ENSG00000100139 ++ Upregulated in AD 2.54E-07
MID1IP1 ENSG00000165175 ++ Upregulated in AD 2.68E-07
FGD5 ENSG00000154783 ++ Upregulated in AD 2.98E-07
ITPRIP ENSG00000148841 ++ Upregulated in AD 3.47E-07
ARHGEF37 ENSG00000183111 ++ Upregulated in AD 3.75E-07
CARHSP1 ENSG00000153048 ++ Upregulated in AD 3.84E-07
PLEKHM2 ENSG00000116786 ++ Upregulated in AD 3.95E-07
LLGL1 ENSG00000131899 ++ Upregulated in AD 4.02E-07
KIF1C ENSG00000129250 ++ Upregulated in AD 5.35E-07
CUEDC1 ENSG00000180891 ++ Upregulated in AD 5.48E-07
ARAP1 ENSG00000186635 ++ Upregulated in AD 6.09E-07
NXN ENSG00000167693 ++ Upregulated in AD 6.98E-07
ARHGAP17 ENSG00000140750 ++ Upregulated in AD 7.98E-07
TNS1 ENSG00000079308 ++ Upregulated in AD 9.94E-07
EFHD1 ENSG00000115468 ++ Upregulated in AD 1.45E-06
DLL4 ENSG00000128917 ++ Upregulated in AD 1.49E-06
APOD ENSG00000189058 ++ Upregulated in AD 1.58E-06
ESAM ENSG00000149564 ++ Upregulated in AD 2.05E-06
MFGES8 ENSG00000140545 ++ Upregulated in AD 2.64E-06
SLCO3A1 ENSG00000176463 ++ Upregulated in AD 2.85E-06
NDE1 ENSG00000072864 ++ Upregulated in AD 3.10E-06
LYBK ENSG00000160886 - Downregulated in AD 3.26E-07
ST6GAL2 ENSG00000144057 - Downregulated in AD 9.91E-07
NOL4 ENSG00000101746 - Downregulated in AD 1.01E-06
RNF150 ENSG00000170153 - Downregulated in AD 1.23E-06
SCG3 ENSG00000104112 - Downregulated in AD 2.14E-06
AGBL4 ENSG00000186094 - Downregulated in AD 2.27E-06
TNFRSF11A ENSG00000141655 - Downregulated in AD 2.54E-06
Table 5: Frontal lobe meta-analysis DEGs unique to our study.

List of differentially expressed genes in frontal lobe meta-analysis that were unique to our study when compared to 3 other frontal lobe
studies included in this systematic review. P-value derived from the Inverse-Variance Weighted Fixed-Effect Model from METAL
(n=599).
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Temporal and frontal lobe convergence

There was some overlap between differentially expressed genes in the temporal and frontal lobe meta-
analyses (Supplementary Table 14). Of the 189 differentially expressed genes in the frontal lobe, 44 (23.3%)
overlapped with those in the temporal lobe. Specifically, 38 out of 154 (24.7%) upregulated genes and 6 out of
35 (17.1%) downregulated genes were shared. The most notable shared upregulated gene was GFAP (glial
fibrillary acidic protein; involved in astrocyte reactivity®>®), a promising biomarker for AD, with increased
expression observed in corticospinal fluid and blood of AD patients®-%8. VGF was a notable downregulated
gene, currently being studied as a potential biomarker for AD, with reduced expression observed in AD patient
corticospinal fluid samples®:1%0. Additionally, CRH (corticotropin-releasing hormone) involved in the allostatic
stress response and learning'®!, is also downregulated in temporal and frontal lobe.

Among the upregulated Metascape pathways, "tube morphogenesis" was common to both the frontal and
temporal lobes, suggesting a consistent role in AD pathology. This pathway, crucial for tissue structural
development, indicates potential alterations in tissue organization and integrity or the presence of aberrant
developmental signatures in adult AD brains. Among the downregulated pathways, "Neuroactive ligand-
receptor interaction" was observed in both lobes. This pathway is essential for neuronal communication and its
downregulation implies disruption in synaptic activity and neurotransmitter interactions, possibly caused by
neuronal dysfunction or death in AD.

Discussion:

This systematic review presents a comprehensive catalog of bulk RNAseq studies that use original data to
compare human AD brains with non-demented controls. We briefly describe the main findings from the 24
included studies, highlighting their strengths and limitations. This catalog serves as a valuable resource for AD
researchers seeking to identify gaps in the literature or build on previous ideas and study designs. Additionally,
we developed a quality assessment scale based on 10 objective criteria and applied it to these 24 studies,
highlighting key considerations for designing the next generation of transcriptomic studies in AD. Finally, we
expanded upon the RNAseq analysis conducted by Marques-Coelho et al.®? by performing a meta-analysis on
the frontal and temporal lobes separately, then comparing the results. Our approach offers insights into the
transcriptomic changes occurring in the AD brain.

Our quality assessment tool for AD transcriptomics studies comprises 10 categories with objective criteria,
each scored from one to three, where one represents the lowest quality and three the highest. Detailed
descriptions of these criteria are provided in Table 2. A key area for improvement identified by our assessment
is data availability—specifically, the need to deposit raw data in online repositories and provide comprehensive
tables with differential expression analysis results. Addressing these issues would enhance the available
datasets for the broader AD research community and facilitate cross-study comparisons, potentially uncovering
critical differences and common themes in AD transcriptomic research. While initiatives like the AD Knowledge
Portal®*® have improved data accessibility, significant gaps remain. Additionally, we emphasize the lack of
diversity in the populations studied. While women’s representation has improved in recent years
(Supplementary Table 4, Supplementary Figure 2), only one study included a substantial number of
subjects from multiple ancestry backgrounds, with all others either failing to report on participant ethnicity or
focusing exclusively on subjects of European or Chinese ancestry. Researchers must prioritize recruiting
participants from diverse ancestries into brain banks and AD research cohorts. This is essential for advancing
our understanding of AD across different ancestry backgrounds, particularly given the disease's strong genetic
influences. For instance, a recent genome-wide association study found that APOE genotypes'?>—the largest
single risk factor for late-onset AD—exhibit significantly different effect sizes across ancestries such as East
Asian, non-Hispanic white, non-Hispanic Black, and Hispanic. This underscores the urgent need to study
diverse ancestries to fully understand AD mechanisms.

Our quality assessment highlighted the necessity for more thorough methodological reporting to improve
research reproducibility and the need for larger sample sizes with greater statistical power, as 19 of the 24
studies had sample sizes smaller than 50. Another area for improvement is the inclusion of transcript-level
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differential expression or differential usage analysis, which was performed in only three out of the 24 studies.
This shortfall is likely due to the limitations of short-read sequencing in accurately quantifying and assembling
RNA isoforms, given the high homology between isoforms of the same gene. This homology increases the
uncertainty in quantification and assembly when using short reads®-%°, leading researchers to favor gene-level
analysis that collapses all RNA isoforms into a single measurement—a major oversimplification of the
underlying biology. However, despite these limitations, work by Love et al.%® demonstrates that transcript-level
analysis enhances resolution for short-read RNAseq differential expression analysis. Therefore, while it is
advisable to proceed with caution and validate key RNA isoform results using orthogonal methods, short-read
RNAseq studies would benefit from incorporating differential RNA isoform usage and expression analysis—
especially those utilizing 100-nucleotide or longer paired-end short-read sequencing approaches.

Our meta-analysis revealed intriguing patterns of differential gene expression between AD cases and controls.
We observed some overlap between differentially expressed genes in the frontal and temporal lobes. Notably,
two genes—GFAP and VGF—both of which have shown promise as peripheral biomarkers for AD, were
significantly differentially expressed in both brain regions. Importantly, these genes exhibited the same
differential expression pattern as their peripheral biomarkers, with GFAP upregulated in AD%-* and VGF
downregulated in AD%'%, This finding underscores the potential of RNAseq in the brain to identify potential
peripheral biomarkers for AD. Additionally, FOX0O4 was upregulated in the AD frontal cortex but not in the
temporal cortex. FOXO4 has been shown to inhibit HIF1A8283  a transcription factor linked to microglial
phenotypic changes in AD models using cell lines and mice®+%. This differential expression pattern may
suggest an early compensatory mechanism to balance microglial responses to beta-amyloid, which could be
lost in the more advanced pathology typically seen in the temporal lobe. Our meta-analysis also revealed that
upregulated genes in the temporal and frontal lobes both present Metascape terms related to developmental
signatures, highlighting aberrant developmental activation in the adult AD brain. Together, these findings
demonstrate that RNAseq is a powerful tool that can uncover putative disease mechanisms. However, follow-
up experiments are essential to validate promising targets identified through RNAseq. The associative nature
of human RNA-seq studies makes it difficult to distinguish gene expression changes that are a result of AD
from those that contribute to its development. While both findings hold value—the former for biomarker
identification and the latter for therapeutic advances—a deeper understanding of these causal relationships is
crucial for meaningful downstream applications.

Recently, new technologies beyond bulk short-read RNAseq have shown great promise in advancing our
understanding of transcriptomic changes in AD. Long-read RNAseq by PacBio and Oxford Nanopore
Technologies improves the quantification and assembly for RNA isoforms®-5°, enabling more accurate
differential isoform expression studies. For instance, a pilot study by Heberle et al.?® used long-read RNAseq
and found 99 RNA isoforms differentially expressed between AD subjects and controls, even when the overall
gene was not differentially expressed. However, larger studies are needed to better understand associations
between RNA isoform expression and AD. In addition, single-cell and single-nucleus RNAseq have identified
important cell-specific RNA programs in AD, such as disease-associated microglia'® and other cell-type
specific changes'*-"%—opening new avenues for therapeutic interventions. The next step will be to combine
long-read RNAseq with single-cell techniques to explore cell-type specific RNA isoform changes in AD.
However, this is currently limited by the prohibitive costs of combining both techniques and challenges in
performing true single-cell preparations for human brain tissue. Most studies in human post-mortem brain
tissue rely on single-nuclei rather than single-cell preparations, which are not so effective for RNA isoform
studies since most nuclear mMRNAs are unspliced pre-mRNAs. Achieving the full benefits of long-read
sequencing requires true single-cell long-read sequencing in post-mortem brain tissue, which is difficult due to
the need for fresh tissue and the brain cell fragility during single-cell preparation.

Spatial transcriptomics platforms such as Visium by 10X genomics are promising in AD research. By creating
precise gene expression maps in the human brain, they could help us understand why certain brain regions
are more vulnerable to AD pathology. This approach has already started to yield results, with a study
identifying layer-specific DEGs in the human middle temporal gyrus between AD subjects and controls™°.
Spatial transcriptomics cell-type deconvolution using single-cell references may provide further insights into the
cellular composition of vulnerable regions such as the hippocampus and entorhinal cortex. Another major
innovation comes from direct RNAseq by Oxford Nanopore Technologies. By sequencing RNA molecules in
their native form and bypassing the need for conversion into cDNA, this technology can detect modifications
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such as N6-Methyladenosine, which plays an essential role in mRNA maturation, translation, and decay'''. By
retaining these epitranscriptomic modifications, direct RNAseq provides a more comprehensive view of the
transcriptome, enabling RNA modification detection that was previously inaccessible with cDNA-based
methods. This approach holds great promise for uncovering insights into the molecular mechanisms underlying
AD. However, further development is needed to reliably quantify a broader range of RNA modifications before
the technology can fully reach its potential''?-""¢

This systematic review and meta-analysis has limitations, however. Due to the large number of studies
analyzing the bulk short-read RNAseq data from the AD Knowledge Portal—specifically the Mayo Clinic
study®*, MSBB?*, and ROSMAP?**—we excluded studies that did not report original RNAseq data. The
exception was the Marques-Coelho et al.3? study, which we considered the best representation of these three
datasets in a single study, examining both gene-level and transcript-level differential expression/usage.
However, it is possible that we missed key findings from studies that employed different approaches to
analyzing these same data. Our meta-analysis was limited by the scarcity of articles with comprehensive
differential expression analysis tables and the small sample sizes or loose definitions of AD in the five studies
that included such tables. Consequently, we proceeded with the meta-analysis focusing solely on the large
datasets previously analyzed by Marques-Coelho and colleagues®2. Despite the larger sample size, our results
would have been more robust if more studies with large sample sizes had provided comprehensive differential
expression analysis tables. Additionally, the MSBB datasets included in our meta-analysis were not
independent, as they originated from different brain regions of overlapping subjects. To mitigate this issue, we
only included one MSBB dataset in the meta-analysis for each brain region. However, it is possible that the
overlap in DEGs between the frontal and temporal lobes is partly due to the dependence between MSBB
datasets. Our meta-analysis approach does not report effect sizes, such as log2FoldChange. Consequently,
we did not filter DEGs based on effect sizes, which may result in the inclusion of DEGs unique to our analysis,
as they might have been excluded from other studies that applied effect size thresholds. In addition, without an
effect size filter, some DEGs in our results may exhibit small effect sizes. Lastly, the use of Bonferroni
correction in a meta-analysis that used Benjamini-Hochberg corrected p-values as input may have led to false
negatives due to the stringent significance thresholds.

The information synthesis presented in this systematic review and meta-analysis can assist researchers in
identifying gaps in the literature, allowing them to build on previous ideas and refine study designs for future
research. The design and execution of next-generation transcriptomic studies in AD—including single-cell,
long-read, direct RNAseq, and spatial transcriptomics—can benefit substantially from the quality assessment
criteria introduced in this review. By applying these criteria to both experiment design and reporting,
researchers using these technologies will be able to produce more robust results characterized by greater
rigor, reproducibility, and generalizability. While certain categories, such as “sequencing depth,” may require
adaptation for specific contexts like single-cell experiments, many other criteria—such as “AD diagnostic
criteria,” “reproducibility,” “data availability,” “results validation,” and considerations of “sex and ethnicity”—are
broadly applicable across various transcriptomic study designs. Overall, integrating these criteria into
transcriptomic studies will not only enhance the quality and reliability of the findings but also improve the
likelihood that the resulting data can eventually be effectively translated into clinical applications. Lastly, the
meta-analysis performed here provides a different look into AD transcriptomic changes, highlighting possible
biomarkers and therapeutic targets.

Data availability:

Additional files such as meta-analysis input files, meta-analysis output files, and full Metascape pathway
analysis output were deposited in an open Zenodo repository: https://zenodo.org/records/13754371.

Code availability:
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All code used in the manuscript and the instructions to retrieve the Singularity containers used to execute the
code are publicly available at https://github.com/UK-SBCoA-EbbertLab/AD bulk RNAseq review.
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