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Abstract

Alzheimer’s disease (AD) is characterized by progressive cognitive decline and the ac-
cumulation of amyloid-β (Aβ) plaques and tau neurofibrillary tangles. Beyond genetic
and proteostatic mechanisms, infection- and dysbiosis-based models of AD have gained
renewed attention, including the antimicrobial protection hypothesis, in which Aβ may
participate in innate immune defense. Here, we reanalyzed ribosomal depleted (Ribo-Zero)
RNA-seq data from dorsolateral prefrontal cortex (DLPFC) samples from the Mount Sinai
Brain Bank cohort (GSE53697) to screen for non-human transcripts. Reads underwent
quality control and adapter trimming, taxonomic classification with Kraken2, abundance re-
estimation with Bracken, and differential abundance testing with edgeR. Across 17 samples
(9 advanced AD and 8 controls), we detected low-biomass microbial signals, with Acineto-
bacter radioresistens showing enrichment in the AD group (FDR = 0.018). Several additional
taxa showed suggestive group differences but did not remain significant after multiple test-
ing correction, including Lactobacillus iners (FDR = 0.051). We also performed an exploratory
in silico analysis of an A. radioresistens biofilm-associated protein homolog, identifying
predicted amyloidogenic motifs and surface-exposed regions that may be relevant to cross-
seeding hypotheses, although no mechanistic inference can be drawn without experimental
validation. Given the technical challenges of inferring microbial signals from post-mortem
brain RNA-seq data, including contamination risk, low microbial biomass, and overwhelm-
ing host background, these findings should be interpreted as hypothesis-generating and
warrant orthogonal validation in larger, microbiome-aware cohorts.

Keywords: Alzheimer’s disease; metatranscriptomics; low-biomass microbiome; Kraken2;
Bracken; edgeR; Acinetobacter; biofilms; amyloid cross-seeding; oral–brain axis

1. Introduction
Alzheimer’s disease (AD) is the most common cause of dementia and is neuropatho-

logically defined by extracellular amyloid-β (Aβ) plaques and intracellular neurofibrillary
tangles composed of hyperphosphorylated tau. The amyloid hypothesis has provided a
productive framework for biomarkers and therapeutics, and recent anti-amyloid antibodies
(e.g., lecanemab and donanemab) can slow decline in early symptomatic disease, but the
clinical benefit remains modest and does not fully explain disease initiation or heterogene-
ity [1–3]. Large genetic studies implicate pathways beyond Aβ, including innate immunity,
lipid metabolism, endocytosis, and barrier function, consistent with a multifactorial etiology
in which upstream triggers interact with host susceptibility [4].
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Among proposed upstream triggers, infection- and dysbiosis-based models have
gained renewed attention. Neurotropic viruses (notably herpesviruses) have been linked to
AD risk and pathology in multiple experimental and epidemiological studies, although
findings are heterogeneous across cohorts and analytical pipelines [5–8]. Independently,
periodontal disease and oral pathobionts, including Porphyromonas gingivalis, have been
associated with neuroinflammation and AD-related pathology, supporting an oral–brain
axis model in which chronic mucosal infection and systemic inflammation contribute to
neurodegeneration [9–11].

Mechanistically, the antimicrobial protection hypothesis proposes that Aβ is induced
as part of innate immune defense and can entrap microbes, implying that chronic or
repeated infection could drive pathological Aβ deposition [12–14]. In parallel, ‘cross-
seeding’ models suggest that microbial amyloids and biofilm components can accelerate
aggregation of host amyloidogenic proteins and amplify neuroinflammation [15,16]. Recent
natural experiments and large-scale observational analyses reporting reduced dementia
risk after herpes zoster vaccination further reinforce a potential role for immune–pathogen
interactions in dementia trajectories [17,18].

Direct characterization of microbial nucleic acids in human brain tissue remains tech-
nically challenging. Post-mortem brain is a low-biomass environment in which signals can
be dominated by reagent and laboratory contamination, index hopping, and environmental
exposure, requiring stringent experimental controls and transparent reporting [19–21].
Nonetheless, reanalysis of deep sequencing datasets offers an opportunity to generate
testable hypotheses about microbial signatures and their association with neuropathology—
particularly when ribosomal depletion (rather than poly(A) selection) improves retention
of bacterial transcripts.

Here, we mined ribosomal-depleted RNA-seq data from dorsolateral prefrontal cortex
(DLPFC) samples in the Mount Sinai Brain Bank cohort (GSE53697) to (i) identify taxa
whose assigned transcript counts differ between advanced AD and controls, and (ii) explore
whether a candidate AD-enriched taxon encodes proteins with predicted amyloidogenic
segments that could plausibly participate in cross-seeding. We emphasize that this study is
exploratory and intended to motivate targeted validation in independent cohorts and with
orthogonal assays.

2. Results
The study cohort included 17 publicly available post-mortem dorsolateral prefrontal

cortex (DLPFC) RNA-seq samples from GSE53697, comprising 9 advanced AD cases and
8 controls, derived from the Mount Sinai Brain Bank (MSBB) cohort [22] (Table 1).

Table 1. Publicly retrievable characteristics of the GSE53697 samples included in this reanalysis. The
analyzed subset was derived from the Mount Sinai Brain Bank (MSBB) cohort [22]. Only metadata
directly supported by the public GEO sample records are shown. Because sample-level age-at-death,
post-mortem interval, Braak stage, and related clinical descriptors could not be reliably reconstructed
for the selected 17-sample subset from the publicly retrievable metadata files available to us, de
novo demographic/statistical comparisons are not presented here. AD: Alzheimer’s disease; DLPFC:
dorsolateral prefrontal cortex.

Characteristic Alzheimer’s Disease (AD) Control (CTL)

Number of subjects (n) 9 8

GEO sample titles RNAseq_AD_9 to RNAseq_AD_17 RNAseq_Ctrl_1 to RNAseq_Ctrl_8

GEO accession IDs GSM1885088 to GSM1885096 GSM1885080 to GSM1885087

Disease status (public GEO metadata) Advanced AD Control

https://doi.org/10.3390/ijms27083430

https://doi.org/10.3390/ijms27083430


Int. J. Mol. Sci. 2026, 27, 3430 3 of 15

Table 1. Cont.

Characteristic Alzheimer’s Disease (AD) Control (CTL)

Tissue brain brain

Tissue subtype DLPFC DLPFC

Extracted molecule total RNA total RNA

Library strategy RNA-Seq RNA-Seq

Library preparation ribominus selection ribominus selection

Instrument model Illumina HiSeq 2500 Illumina HiSeq 2500

2.1. Sequencing Depth and Library Size Distribution

Following adapter trimming and quality filtering, the remaining library sizes were
inspected to confirm that sufficient data were retained for downstream microbial profiling.
Figure 1 shows the distribution of reads assigned to microbial taxa across the study cohort
after Kraken2 classification and Bracken re-estimation. Although library size varied across
samples, as expected for archival post-mortem tissue datasets, all samples retained sufficient
depth for downstream analysis. The handling of library size differences for statistical testing
is described in Section 4.5.

Figure 1. Library size distribution of reads assigned to microbial taxa across the study cohort. Blue
points indicate AD samples and red points indicate controls. The dashed line indicates the mean
library size.

2.2. Global Microbial Composition and Host Contamination

We next examined the overall taxonomic composition of the aligned reads to under-
stand the signal-to-noise ratio in brain tissue RNA-seq. As expected for human tissue, the
vast majority of reads (>99%) mapped to the host genome (Homo sapiens). After filtering
out host and eukaryotic reads (including fungi and protozoa) to focus specifically on the
prokaryotic and viral microbiome, we analyzed the relative proportions of the remaining
microbial signal. Figure 2 summarizes the global composition, showing the proportion of
bacterial (Figure 2A,B) and viral (Figure 2A,C) reads across the cohort. We observed no
statistically significant difference in the total fraction of bacterial or viral reads between the
AD and Control groups (Figure 2B,C), suggesting that the disease state is not characterized
by a massive, non-specific microbial overgrowth, but rather by subtle shifts in specific taxa.
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Figure 2. Global composition of assigned reads and relative bacterial/viral signal in AD versus
controls. (A) Pie charts show the proportion of reads assigned to Homo sapiens, bacterial taxa, and
viral taxa in control and Alzheimer’s disease (AD) samples after Kraken2 classification and Bracken
re-estimation. (B) Bacterial reads as a percentage of total reads in each sample. (C) Viral reads as a
percentage of total reads in each sample. Box-and-whisker plots show the median and range (min
to max), and all individual samples are displayed. All samples, including extreme values, were
retained in the statistical analyses. Group comparisons were performed using a two-tailed exact
Mann–Whitney test. No significant differences were observed between control and AD samples
for either bacterial read fraction (p > 0.9999) or viral read fraction (p = 0.3704). “ns” indicates no
statistically significant difference. Circles and squares represent individual data points for each group.

2.3. Differential Abundance Analysis Reveals an Acinetobacter Signature

To identify taxa contributing to the differences between Alzheimer’s disease and
control samples, we performed differential abundance analysis with edgeR on the filtered
species-level count matrix. This analysis identified a limited but detectable microbial shift
associated with AD (Figure 3).

The strongest and only FDR-significant association was the enrichment of Acine-
tobacter radioresistens in Alzheimer’s disease samples (log2FC = 6.1171; FDR = 0.01791).
Several additional taxa showed suggestive differences but did not remain significant after
multiple-testing correction, including Lactobacillus iners, unclassified Arthrobacter, unclassi-
fied Actinomyces, unclassified Acinetobacter, and Staphylococcus warneri (Table 2). Additional
top-ranked taxa not meeting the FDR < 0.10 trend threshold are shown in Supplementary
Table S1, whereas Supplementary Table S2 reports the sample-level raw Bracken counts
and group-wise prevalence for the top-ranked taxa to facilitate assessment of sparsity and
count distribution across samples.

Overall, these results indicate that the differential signal was driven primarily by
A. radioresistens, while the remaining taxa should be interpreted as suggestive trends
rather than statistically significant findings. This pattern is compatible with differences
in the composition of the low-biomass microbial signal between AD and control samples,
although this interpretation should remain cautious given the sparse and contamination-
prone nature of brain-derived sequencing data.
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Figure 3. Differentially abundant microbial taxa between Alzheimer’s disease (AD) and control
samples identified by edgeR. Species-level differential abundance analysis was performed on the
filtered Bracken-derived count matrix using edgeR within MicrobiomeAnalyst. Positive log2 fold
change (log2FC) values (red bars) indicate relative enrichment in the AD group, whereas negative
values (green bars) indicate relative enrichment in the control group. Only taxa with FDR < 0.10
are shown in this figure. Acinetobacter radioresistens was the only taxon remaining significant after
multiple-testing correction at FDR < 0.05 (marked with an *), while the remaining taxa represent
suggestive trends. Additional top-ranked taxa not meeting the FDR < 0.10 trend threshold are shown
in Supplementary Figure S1 and Supplementary Table S1.

Table 2. Differential abundance results for microbial taxa detected in Alzheimer’s disease (AD) versus
control samples. Taxa are ranked by FDR from the edgeR analysis. Positive log2FC values indicate
relative enrichment in the AD group, whereas negative log2FC values indicate relative enrichment
in the control group. Taxa with FDR < 0.05 were considered statistically significant, and taxa with
0.05 ≤ FDR < 0.10 were considered suggestive trends.

Bacteria log2FC p-Value FDR

Acinetobacter radioresistens 6.1171 5.76 × 10−5 0.01791

Lactobacillus iners −4.1559 3.34 × 10−4 0.051994

unclassified Arthrobacter −3.1695 7.78 × 10−4 0.080637

unclassified Actinomyces 3.8616 1.55 × 10−3 0.095283

unclassified Acinetobacter −4.0619 1.62 × 10−3 0.095283

Staphylococcus warneri 4.0163 1.84 × 10−3 0.095283

2.4. Exploratory In Silico Analysis of a Bap-like Protein Homolog in A. radioresistens

To explore whether the AD-enriched taxon encodes proteins with potential amyloid-
forming properties, we analyzed an Ig-like domain-containing protein from A. radioresistens
(Accession XDO94130.1), a large surface protein known to form functional amyloids in
Acinetobacter species. It was identified by BLAST (BLAST+ 2.17.0) as homologous to the
biofilm-associated Ig-like repeat protein Bap from Acinetobacter baumannii, sharing 54%
amino-acid identity.

Using the Waltz algorithm, we identified 42 distinct hexapeptide regions with high
amyloidogenic propensity within the N-terminal domain of the protein (1120 aa region,
Table 3). To visualize the spatial arrangement of these regions, we generated a 3D structural
model using AlphaFold2. The resulting structure (Figure 4) displays a beta-solenoid
fold, a characteristic architecture of bacterial functional amyloids. Crucially, mapping
the Waltz-positive segments (highlighted in red) onto the surface representation revealed
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that several amyloidogenic patches are solvent-exposed. Taken together, these predictions
identify candidate amyloidogenic and surface-exposed features that may be relevant to
cross-seeding hypotheses, but they do not provide experimental evidence of interaction
with Aβ or tau.

Table 3. Predicted amyloidogenic regions in the Acinetobacter radioresistens Bap homolog. Summary
of the in silico analysis of the Ig-like domain-containing protein (GenBank Accession: XDO94130.1),
identified as a homolog of the biofilm-associated protein (Bap). The Waltz algorithm was used to
screen the full-length protein sequence (3436 amino acids) for hexapeptides with high amyloid-
forming propensity. A total of 42 distinct amyloidogenic regions were identified; their specific amino
acid coordinates are listed in the final column. These segments represent potential sites for structural
aggregation and cross-seeding interactions.

Accession
Number Protein Name Organism Sequence Length

(aa)

No. of
Amyloidogenic

Regions

Amyloidogenic
Region

Coordinates

XDO94130.1 Ig-like domain-
containing protein

Acinetobacter
radioresistens 3436 42

135–149; 157–162;
307–321; 329–334;
479–493; 501–506;
651–665; 673–678;
823–837; 845–850;

995–1009;
1017–1022;
1167–1181;
1189–1194;
1339–1353;
1361–1366;
1485–1493;
1571–1578;
1654–1660;
1737–1744;
1839–1847;
1879–1887;
2086–2092;
2169–2175;
2252–2258;
2354–2362;
2394–2402;
2463–2469;
2576–2584;
2603–2609;
2803–2816;
2829–2834;
2837–2845;
2854–2860;
2869–2876;
2950–2958;
2996–3004;
3080–3085;
3113–3118;
3150–3161;
3380–3389;
3431–3436
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Figure 4. AlphaFold2 structural model of the analyzed bacterial protein region. The protein is
shown as a grey ribbon/cartoon representation. The model represents 1120 amino acids and includes
a BAP-like domain. Predicted amyloidogenic segments (Waltz) are highlighted in red on a grey
surface representation.

3. Discussion
Our reanalysis of ribosomal-depleted brain RNA-seq data identified low-biomass

microbial signals that differed between advanced AD and control DLPFC samples, with
Acinetobacter radioresistens showing the strongest association with AD status. These findings
align with broader interest in infection- and dysbiosis-based models of AD, including pro-
posals that innate immune activation, barrier dysfunction, and chronic microbial exposures
may interact with host genetics to shape neurodegenerative trajectories [4,13]. At the same
time, the analytical context—post-mortem tissue and re-purposed RNA-seq—requires a
conservative interpretation of taxonomic assignments and effect sizes. The small cohort
size and low-biomass nature of the dataset limit statistical power and make it difficult
to distinguish weak biological signals from background variability or residual technical
effects. In addition, the present analysis is restricted to advanced AD, a single cortical
region (DLPFC), and post-mortem tissue, and therefore does not address early or preclinical
AD, regional heterogeneity across the brain, or microbial signals in living patients.

The brain is a low-microbial-biomass environment, and multiple studies have demon-
strated that reagent and laboratory contaminants can dominate sequencing-based micro-
biome profiles when true biomass is near the limit of detection [19–21]. Several taxa detected
here (Table 2 and Table S1)—including environmental actinobacteria (e.g., Nocardioides,
Arthrobacter) and skin-associated organisms—are plausible contaminants introduced dur-
ing tissue handling, library preparation, or sequencing. Conversely, A. radioresistens and
Staphylococcus warneri are recognized opportunists that can colonize humans and persist
on environmental surfaces, complicating source attribution. The restriction to the same
tissue region and public cohort, together with consistent processing samples reduce (but
do not eliminate) the likelihood that differential signals arise solely from batch artifacts;
nevertheless, future work should incorporate extraction blanks, library blanks, and com-
putational decontamination to explicitly model contamination structure. In the absence
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of microbiome-specific negative controls, retrospective contaminant modeling was not
possible, and the biological origin of individual taxa cannot be assigned with confidence.

Notably, some taxa showed relative enrichment in controls, including Lactobacillus
iners (Figure 3), although this signal did not remain significant after multiple-testing
correction and should therefore be interpreted cautiously. Lactobacillus species are often
discussed as mucosal commensals with potential roles in colonization resistance and
immune modulation [23], although L. iners is considered atypical within the genus and has
been associated with both health- and dysbiosis-related states depending on the ecological
context [24,25]. It has also been reported to produce predominantly the L isomer of
lactate, with limited D-lactate production [25]. Because L-lactate has recognized signaling
and metabolic roles in the CNS [26,27], this observation may be of conceptual interest.
However, given the low-biomass nature of the present dataset and the lack of functional
or metabolomic measurements, no inference can be made regarding microbial metabolite
production in brain tissue. At most, these findings may be viewed as compatible with the
possibility that control-enriched taxa reflect a different low-abundance microbial signal
rather than a simple global increase in microbial reads in AD.

Nocardioides belongs to the Actinobacteria, a phylum characterized by substantial
metabolic versatility and secondary metabolite production [28], and members of this genus
are primarily known as environmental specialists involved in biodegradation [29]. In our
dataset, the apparent relative enrichment of Nocardioides in controls should be interpreted
with caution, particularly given the low-biomass nature of brain RNA-seq microbial pro-
filing and the fact that this signal did not meet the predefined FDR < 0.10 trend threshold
(Supplementary Table S1). Rather than supporting a specific biological role, this observation
is most appropriately interpreted as an exploratory signal that may reflect subtle differences
in a sparse microbial background.

Arthrobacter spp. were also relatively enriched in controls (Table 2). These organisms
are classically described as soil-associated actinobacteria and, in a low-biomass setting,
may plausibly reflect environmental carryover or other exogenous sources. Although
metabolites derived from Arthrobacter metabolism, such as 6-hydroxy-L-nicotine, have
shown neurobehavioral effects in experimental animal studies [30–32], such observations
cannot be extrapolated to the present dataset. We therefore do not infer that Arthrobacter-
associated metabolites are produced in brain tissue in vivo. Instead, these examples are
noted only to illustrate that taxa detected in low-biomass datasets can have biologically
interesting metabolic repertoires, even when their relevance to the present samples remains
uncertain. Neurovascular unit dysfunction and blood–brain barrier (BBB) breakdown
occur early in cognitive decline and are increasingly recognized as contributors to AD
pathophysiology [33,34]. BBB impairment could facilitate entry of circulating microbial
products (e.g., LPS, peptidoglycan) or rare microbes into perivascular and parenchymal
compartments, potentially amplifying microglial activation and inflammasome signaling.
However, a purely ‘leakier BBB → more pathogens’ interpretation would predict a higher
overall bacterial/viral signal in AD. Consistent with this counter-argument, we observed no
significant differences in the fraction of bacterial or viral reads (normalized to total reads per
sample) between controls and AD (Figure 2; two-tailed exact Mann–Whitney test). In this
framework, microbial signals detected in RNA-seq data may reflect a combination of true
biological exposure and sampling artifacts; discriminating these requires spatially resolved
assays (e.g., RNAscope, immunohistochemistry) and careful modeling of post-mortem
interval effects.

Aβ is increasingly viewed as an innate immune effector with antimicrobial proper-
ties, providing a plausible link between chronic infection and plaque deposition [12–14].
Separately, bacterial functional amyloids and biofilm matrix proteins can adopt β-rich
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architectures and have been proposed to promote aggregation of host amyloidogenic pro-
teins via heterologous seeding [15]. Our in silico analysis of a Bap-like protein homolog
identified numerous amyloidogenic segments and surface-exposed patches in a predicted
structural model. Biofilm-associated proteins with Ig-like repeats have been described as
key determinants of adhesion and biofilm formation in Acinetobacter spp., supporting the
plausibility of amyloid-like motifs in this protein family [35]. While purely computational,
these results motivate biochemical experiments to test whether the protein (or its fragments)
forms amyloid fibrils and whether it accelerates Aβ aggregation. Inflammation-driven
‘cross-seeding’ is also supported by microglial ASC specks, which can bind Aβ and promote
its aggregation in vivo, linking innate immunity to propagative amyloid assembly [16].

The taxa highlighted here do not exclude alternative or complementary microbial
signals. Herpesvirus-associated signatures have been reported in several AD brain co-
horts [6], although other analyses have questioned the robustness of these associations and
emphasized potential analytical confounders [7,8]. Likewise, a growing body of work has
explored an oral–brain axis in AD, in which periodontal inflammation and oral dysbiosis
correlate with cognitive decline and may, through hematogenous spread or cranial nerve
pathways, increase the likelihood that oral taxa or their products reach the CNS [9–11,18]. In
our dataset, Actinomyces spp. were among the taxa showing relative enrichment in AD (Ta-
ble 2), although this signal did not remain significant after multiple-testing correction and
should therefore be interpreted cautiously. Actinomyces are common constituents of dental
plaque, and in a longitudinal cohort, higher serum IgG to periodontal taxa—including
Actinomyces naeslundii—was associated with incident AD [36]. Intracranial dissemination of
Actinomyces from oral foci has also been clinically documented, including brain abscesses
attributed to Actinomyces meyeri of presumed oral origin [37], indicating that mouth-to-
brain translocation is biologically plausible under some conditions. Consistent with a
broader polymicrobial framework, previous sequencing and immunohistology studies
of post-mortem AD tissue have reported increased bacterial burden and diverse taxa,
including Staphylococcus and oral-associated genera, relative to controls [37–39]. We also
detected Streptococcus salivarius and Staphylococcus warneri in this dataset ( Tables 2 and S1).
Streptococci are abundant oral commensals, so their detection is compatible with a possi-
ble oral source, although directionality and abundance patterns may vary across cohorts.
Coagulase-negative staphylococci such as S. warneri are opportunists with biofilm-forming
capacity and documented invasive potential [40]. Taken together, these observations do
not identify a specific causal organism, but they are compatible with the possibility that
low-level, polymicrobial exposure may be relevant to neuroinflammatory processes in a
subset of cases.

If microbial exposures contribute to AD onset or progression in a subset of individuals,
preventive strategies might include vaccination, periodontal disease management, and
targeted modulation of mucosal immunity. Natural experiments and emulated target trials
have reported lower dementia incidence after herpes zoster vaccination, findings that are
compatible with roles for immune training or reduced viral reactivation [17,18]. However,
such observational designs remain susceptible to confounding and do not identify specific
pathogens. Translational progress will require (i) prospective cohorts with standardized
biospecimen handling and microbiome-aware negative controls, (ii) multimodal validation
in tissue, including sequencing, proteomics, and imaging, and (iii) experimental stud-
ies testing whether candidate microbial products can influence amyloid aggregation or
inflammatory signaling under biologically relevant conditions.

Because this study is based on retrospective reanalysis of public RNA-seq data, it
cannot provide microbiome-aware negative controls, wet-lab validation, or robust estimates
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of absolute microbial abundance; these will require prospective experimental studies
specifically designed for low-biomass microbiome investigation.

4. Materials and Methods
4.1. Bioinformatic Workflow and Data Processing

To systematically identify microbial signatures from non-targeted RNA-sequencing
data, we implemented a multi-stage bioinformatic pipeline (Figure 5). Raw sequencing
reads from 17 post-mortem DLPFC samples (9 AD, 8 controls) were retrieved from the SRA
database. Publicly verifiable metadata for the analyzed subset are summarized in Table 1.

Figure 5. Kraken2 taxonomy and analysis workflow. Raw sequencing reads from Alzheimer’s disease
(AD) and control samples were retrieved from NCBI SRA, quality checked (FastQC) and trimmed
(Trimmomatic), classified with Kraken2 and abundance re-estimated with Bracken to generate a
species-level count matrix, which was curated/normalized and tested for differential abundance
(edgeR). Arrows indicate the workflow progression, and colors are used to visually distinguish the
different analysis phases.

Given the potential for technical artifacts in older datasets, a rigorous quality control
phase was prioritized. Initial FastQC (Galaxy wrapper Version 0.74+galaxy1) analysis
indicated the presence of Illumina adapters and quality drop-offs at the 3’ ends of reads.
Consequently, we applied Trimmomatic (Galaxy wrapper Version 0.39+galaxy2) with a
specific sliding window filter (4:20), which discarded reads where the average Phred quality
score dropped below 20 in a 4-base window. This preprocessing step was critical to ensure
that subsequent taxonomic classification was based on high-confidence sequence data
rather than sequencing errors.

4.2. Data Acquisition and Cohort Selection

Raw paired-end RNA-seq data were obtained from the NCBI Sequence Read Archive
(SRA) corresponding to the Mount Sinai Brain Bank (MSBB) cohort (GSE53697) [22,41].
Using the NCBI SRA Run Selector, we filtered for “Alzheimer’s Disease” and “Control”
samples originating from the dorsolateral prefrontal cortex (DLPFC; Brodmann area 46)
and prepared using the Ribo-Zero library strategy. This strategy was selected to maximize
the retention of non-polyadenylated microbial transcripts. The final dataset comprised
17 samples (9 advanced AD; 8 controls) selected from the same tissue region and public
cohort. Publicly verifiable metadata for the analyzed subset are summarized in Table 1.
Reads were retrieved from SRA using the Galaxy tool ‘Download and Extract Reads in
FASTQ’ (Galaxy wrapper v3.1.1+galaxy1) to ensure efficient retrieval of large datasets.
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4.3. Preprocessing and Quality Control

All preprocessing steps were executed on the Galaxy platform (Galaxy version 26.0.rc1;
usegalaxy.org) [42]. Initial read quality was assessed using FastQC (Galaxy wrapper
Version 0.74+galaxy1) [43], focusing on “Per base sequence quality” (Phred scores) and
“Adapter Content.” To mitigate sequencing errors and remove technical artifacts, reads
were processed with Trimmomatic (Galaxy wrapper Version 0.39+galaxy2) [44] in paired-
end mode. We applied the standard Illumina TruSeq3 adapter trimming and a sliding
window filtration (Sliding Window: 4:20), which cuts the read once the average quality
within a 4-base window falls below a Phred score of 20.

Because this public post-mortem RNA-seq dataset was not generated under microbiome-
specific sterile sampling conditions and did not include extraction blanks or library blanks,
formal contaminant modeling/decontamination could not be performed. In the absence
of microbiome-specific negative controls, retrospective contaminant modeling was not
possible, and the biological origin of individual taxa cannot be assigned with confidence.
Therefore, all taxonomic signals reported here should be interpreted conservatively as
candidate associations rather than definitive evidence of a resident brain microbiome.

4.4. Taxonomic Classification

High-quality, cleaned reads were taxonomically classified using Kraken2 (Galaxy
wrapper Version 2.17.1+galaxy0) [45]. Abundance re-estimation was performed with
Bracken (Galaxy wrapper Version 3.1+galaxy0) [46]. We utilized the PlusPF (17 May 2021)
database (Standard plus protozoa & fungi), which is the most comprehensive standard
index available in Galaxy. To maximize sensitivity for low-abundance, non-polyadenylated
microbial transcripts in a brain tissue context, the Kraken2 confidence threshold was
set to 0.0. We acknowledge that this choice prioritizes sensitivity over specificity and
may increase the risk of false-positive assignments in low-biomass data. To mitigate
over-interpretation, taxonomic abundances were subsequently re-estimated with Bracken,
filtered by prevalence and variance, and interpreted conservatively, with all downstream
findings treated as candidate associations rather than definitive evidence of a resident brain
microbiome. Output options were configured to print scientific names and generate reports
with aggregate counts per clade. For preliminary visual exploration of the taxonomic
hierarchy, Kraken report files were converted using Krakentools (Galaxy wrapper Version
1.2.1+galaxy0) and visualized as interactive charts using Krona (Galaxy wrapper Version
2.7.1+galaxy0) [47].

4.5. Data Matrix Generation and Statistical Analysis

Individual Bracken species reports were merged into a single abundance matrix using
the KrakenTools (Galaxy wrapper Version 1.2.1+galaxy2) utility for combining Kraken-
style reports. The resulting matrix was exported to Microsoft Excel for manual curation
only. Metadata rows and entries lacking species-level information were removed, and all
counts assigned to the domain Eukaryota (including Homo sapiens) were excluded prior
to downstream statistical analysis. For transparency, raw Bracken counts for the top-
ranked taxa were compiled at the sample level and are provided together with group-wise
prevalence in Supplementary Table S2.

Statistical analysis was performed in the Marker Data Profiling module of Micro-
biomeAnalyst 2.0 [48]. The curated species-level count matrix and metadata were up-loaded
using the “Taxonomy included” option. Data integrity checks confirmed correct sample
matching. Low-abundance and low-variance features were filtered using the platform
settings applied in the final analysis (prevalence filter and IQR-based variance filter). For
exploratory visualization, library sizes were adjusted by column-sum scaling (equivalent
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to total sum scaling, TSS). Differential abundance analysis between Alzheimer’s disease
and control samples was performed with edgeR (implemented within MicrobiomeAnalyst
2.0, Marker Data Profiling module) [49] on the filtered Bracken-derived count matrix using
edgeR’s native normalization framework within MicrobiomeAnalyst. Taxa with a false
discovery rate (FDR) < 0.05 were considered statistically significant, whereas taxa with
0.05 ≤ FDR < 0.10 were considered suggestive trends. Graphs were prepared in GraphPad
Prism v9.0.0 (GraphPad Software, San Diego, CA, USA). The schematic overview of the
bioinformatic workflow (Figure 5) was generated with Gemini 3 (Google) and then curated
by the authors.

4.6. Structural Modeling and Amyloid Prediction

For the most strongly AD-enriched bacterial species (Acinetobacter radioresistens), we
identified a candidate protein sequence via NCBI Protein (Accession XDO94130.1), ho-
mologous to the biofilm-associated protein (Bap) of A. baumannii. Due to the extreme
length of the protein (>3000 amino acids), the N-terminal domain (approx. 1000 residues)
was selected for modeling. The 3D structure was predicted using AlphaFold2 via the
ColabFold notebook version 1.6.1 [50,51]. The model with the highest confidence score
(pLDDT, rank_001) was selected for analysis.

Amyloidogenic potential was screened using the Waltz algorithm (https://waltz.
switchlab.org/; accessed on 15 January 2026) [52]. The resulting structural model was
visualized using UCSF ChimeraX version 1.11 [53]. To map the predicted amyloidogenic
regions onto the structure, we utilized the command interface to apply a white background,
grey surface rendering, and specific red coloring (color #1:start-end red) for residues
identified by Waltz, allowing for the assessment of solvent exposure.

5. Conclusions
Reanalysis of ribosomal RNA-depleted brain RNA-seq datasets identified low-biomass

microbial signatures that distinguished advanced Alzheimer’s disease (AD) dorsolateral
prefrontal cortex (DLPFC) samples from controls, with Acinetobacter radioresistens show-
ing the most consistent association with AD status. These observations complement
increasing interest in infection- and dysbiosis-informed frameworks for AD, in which
innate immune activation, blood–brain barrier integrity, chronic microbial exposures, and
host genetic susceptibility may together shape neurodegenerative trajectories.

As an exploratory analysis based on bulk post-mortem RNA-seq data not originally
designed for microbiome profiling, our findings should be interpreted as hypothesis-
generating and as a foundation for targeted follow-up studies. Future work using ded-
icated microbiome sequencing protocols, matched negative controls, spatially resolved
approaches, and larger cohorts will be important to refine taxonomic resolution, address
potential background signals in low-biomass samples, and clarify questions of microbial
viability, localization, and temporal dynamics relative to neuropathology. Such studies will
help determine the biological relevance of these signals and further evaluate their potential
contribution to AD pathogenesis.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/ijms27083430/s1.
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