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Abstract
Alzheimer’s Disease represents the most significant form of neurodegenerative disease worldwide with progressive 
dementia and synaptic dysfunction. Though the accumulation of β-amyloid and hyperphosphorylated tau protein 
is the most observed pathological feature of AD, the emergence of ribosomal dysfunction and oxidative stress 
has recently gained interest. In this study, we conducted a comprehensive multi-omics investigation, which 
included transcriptomic, proteomic, and lipidomic analyses, on cortical region from 5xFAD mice, a transgenic 
model of AD. Gene and protein expression analysis demonstrated ribosomal pathways were largely affected in the 
cortex. Histological and immunohistochemistry imaging showed increased amyloid-β and tau pathology leading 
to extensive cortical neurodegeneration. RNAseq analysis revealed increased oxidative RNA damage, indicating 
a potential mechanism of ribosomal stress. Elevated expression of RPL11, RPL6, and other large ribosomal 
subunit proteins was observed, consistent with impaired protein synthesis. This dysregulation may contribute to 
neurodegenerative processes in AD. Among the large subunit ribosomal proteins, Rpl29 were downregulated 
at the gene expression level in AD, although its protein expression revealed a statistically insignificant rise. 
Comparison between the transcriptome and proteome demonstrated evidence of impaired translation, suggesting 
failed translational control. Lipidomic analyses revealed alterations in the levels of phospholipids, sphingolipids 
and lipid mediators in AD that is closely linked to the alterations in the neuroinflammatory pathways at the 
transcriptomic and proteomics levels. Multi-omics integration demonstrates that ribosomal dysregulation, oxidative 
stress, and protein homeostasis are affected, leading to neuronal damage in AD. According to this study, ribosomal 
malfunction plays a significant role in the pathophysiology of AD and serve as a potential target for therapeutic 
interventions.
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Introduction
Alzheimer’s disease (AD) is a progressive neurodegenera-
tive disorder affecting the central nervous system, leading 
to gradual memory loss, reasoning, and language decline 
[1–4]. The anatomical features of AD include the deposi-
tion of β-amyloid plaque in the extracellular region, neu-
rofibrillary tangles composed of hyperphosphorylated 
tau protein that is located within the intracellular region, 
neuroinflammation and oxidative stress [5, 6]. In addition 
to the amyloid cascade hypothesis other molecular path-
ways such as mitochondrial dysfunction, iron homeo-
stasis disruption, and ribosomal dysfunction has been 
proposed for AD [7, 8].

Regulation of protein synthesis is essential to cellu-
lar function, especially in the brain, where different cell 
types, such as oligodendrocytes, astrocytes, and microg-
lia, maintain distinct proteomes and need local transla-
tion at locations distant from their cell bodies for vital 
processes like metabolic support, immunological surveil-
lance, and synaptic pruning [9–13]. Translation of infor-
mation carried by transcripts is performed by ribosomes, 
comprising 4 ribosomal RNAs and approximately 80 
ribosomal proteins (RPs). While transcriptional control 
in the brain is well understood, the contribution of spe-
cific RPs to protein translation and lipid metabolism is 
unexplored. This could be important in the brain, where 
precise spatial and temporal control of protein synthesis 
is essential for maintaining neuronal networks, astrocyte 
support and microglial response to pathological stimuli.

The ribosomal proteins serve dual functions by 
enabling protein synthesis while performing essential cel-
lular roles in cell division, apoptosis and DNA damage 
repair [14, 15]. The malfunction of ribosomes results in 
protein misfolding and aggregation which are key factors 
in multiple neurodegenerative diseases that appear dur-
ing aging including AD [16]. Ribosomes are macromolec-
ular machines that are primarily synthesized within the 
nucleolus and are essential organelles responsible for pro-
tein synthesis [17]. Many studies have also emphasized 
the importance of ribosomal function in the regulation of 
neuronal functions [18, 19]. Alterations in the rRNA and 
tRNA have been found to be related to enhanced oxida-
tive stress and dysfunctional protein homeostasis which 
worsen the neurodegenerative processes in AD [20, 21]. 
It has also been shown that oxidative damage of ribo-
somal proteins is related to the increased RNA oxidation, 
which in turn exacerbates cellular pathology in the brain 
of AD patients [22]. However, the method by which dys-
regulated ribosomes mediate neurodegeneration in AD 
remains largely understudied [23, 24]. The disruption of 
degradation processes affects translation dynamics and 
co-translational processing which results in decreased 
cellular fitness [23]. Several studies have suggested that 
the aggregation of nascent proteins and misfolding of 

co-translated proteins leads to neurodegeneration [25–
27]. This pathological process leads to the development 
of neurological disorders [28–30].

Recently, it was found that, ribosome-related proteins 
levels of RPL4 and RPS3 expression are reduced in aging 
tissues [31]. Similar observation of reduced protein syn-
thesis during aging was observed in other studies [32]. 
However, the opposite is observed in AD, where upregu-
lation of several ribosomal proteins were reported [33]. 
Abnormal ribosomal protein expression has been dem-
onstrated to occur within both the hippocampal and 
cortical regions, which suggests that enhanced ribosome 
function could be associated with AD pathology that are 
distinct from the typical aging processes [34]. Using mul-
tiomics approaches such as transcriptomics, proteomics 
and lipidomics, we provide a systems-level analysis of the 
molecular mechanisms that underline AD pathology. We 
integrate all the omics data to establish a comprehensive 
picture of the AD pathology, identifying the ribosomal 
dysfunction as the potential biomarker and the therapeu-
tic target, along with the amyloid β aggregation and tau 
phosphorylation.

Materials and methods
Animals
The animal studies were in accordance with the Insti-
tutional Animal Care and Use Committee (IACU-
CAM-20-093) at LSU. All relevant ethical guidelines 
pertaining to animal experimentation and research 
were followed. 5xFAD mice (Jackson Laboratories, ME, 
#034840-JAX) were housed in DLAM for 17 months 
and wildtype C57BL/6 were bred in DLAM, LSU for 6 
months. The 5xFAD mice carry five different familial 
AD mutations (overexpression of mutant human β amy-
loid (A4) precursor protein 695 (APP) with the Swedish 
(K670N, M671L), Florida (I716V), and London (V717I)) 
which cause rapid cognitive decline and severe neuro-
nal damage along with significant β-amyloid accumula-
tion noticeable within several months of development 
[35–39]. The 5xFAD model shows exceptional value for 
cortical dysfunction research because the cortical area 
becomes severely damaged in AD.

Animal brain tissue processing
Mice brains (n = 10) were collected from AD (n = 6; 5 
female and 1 male) and control mice (n = 4; all female). 
Mice undergone deep anesthesia with isoflurane and 
endured transcardial perfusion with 20 mL of 1xPBS. 
Brains were extracted on cold surface. Immediately after 
extraction, the brains were cut into two halves. One half 
of the brain was fixed using 4% PFA for 3 days followed 
by storage at 4 ͦ C in a solution containing 30% Sucrose 
and 4% PFA until further processing. From the other half 
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of the brain, entire cerebral cortex was isolated and snap 
frozen at -80 ͦ C until further handling.

Cryo-sectioning of cortical regions
The fixed hemispheres brain from the AD (n = 3) and 
control mice (n = 3) (all female) were embedded in Tis-
sue-Tek Optimal Cutting Temperature (OCT) solution 
(Sakura). Sectioning of the tissue were performed using 
a Leica cryostat. Tissue sections measuring 10  μm and 
50 μm in thickness were collected in 96-well plates and 
stored in 1xPBS and 0.01%Sodium Azide at 4  °C until 
further processing.

Hematoxylin and Eosin (H&E) staining
Glass slides (Corning) were used to mount 10 μm brain 
slices embedded in OCT. For histological staining, tissue 
sections (5xFAD (n = 3) and C57BL/6 (n = 3); all female 
mice) were stained with hematoxylin and eosin (H&E) 
dyes. The staining procedure was performed with Sur-
gipath Sub-X mounting medium on a Leica ST5020/
CV5030 autostainer (Leica Biosystems) and Eosin Phlox-
ine 515, SelecTech Hematoxylin 560 were used for stain-
ing, along with bluing and define solutions from Leica 
Biosystems. A NanoZoomer® Slide Scanner System was 
used to image stained slides. NDP.view was the program 
used to gather images. And the software is called NDP.
view2. ImageJ was used for quantification and GraphPad 
Prism software for data plotting.

Immunohistochemistry imaging
Immunohistochemical staining was performed to dem-
onstrate the presence and distribution of β-amyloid 
and tau proteins in tissue sections (5xFAD (n = 3) and 
C57BL/6 (n = 3); all female mice). The tissue Sect. (50 μm) 
were then washed twice in PBSTx-100 for 10  min each 
time. After the washes, the sections were then blocked 
with 250 µL of 5% serum in PBSTx-100 for 1 h at room 
temperature (RT). After that, the sections were placed 
in wells containing 200 µL of 5% serum with the Alexa 
Fluor® 488 Anti-β Amyloid 1–42 antibody [Abcam, 
Cat # mOC64] and Alexa Fluor® 488 Anti-Tau antibody 
[Abcam, Cat # EP2456Y] and were incubated overnight 
at 4 °C with gentle shaking at 35 rpm. The following day, 
the sections were washed twice in PBSTx-100 for 10 min 
each time. A secondary antibody (1:2000) was diluted in 
200 µL of fresh serum and added to the sections, which 
were then left to incubate for 1 h at RT. The stained tis-
sue slices were mounted on the slides using mounting 
media with DAPI. Imaging was performed using ZEISS 
Axioscan 7 microscope images were processed using 
Zeiss Zen Blue Lite software. ImageJ was used for quan-
tification and GraphPad Prism software for data analysis.

Bulk RNA-sequencing (RNAseq)
The total RNA was extracted from flash frozen cortical 
tissue of 5xFAD (n = 3) and C57BL/6 (n = 3) female mice 
using TRIzol reagent (Invitrogen, USA) and the Qiagen 
RNeasy Mini Kit (Qiagen, Cat # 217004) for better RNA 
yield and purity. 1 mL of TRIzol reagent was added to 
about 50 mg of cortical tissue and then all the samples 
were thoroughly lysed using a mechanical tissue homog-
enizer. The homogenized samples were then placed in a 
centrifuge at 15,000 g for 15 min at 4 °C and the super-
natant which contains the RNA was then collected. To 
begin the phase separation process, the samples were 
placed at room temperature for 5 min and then chloro-
form (140 µL) was added to the samples. The tubes were 
then vigorously shaken for 15 s and then briefly incu-
bated and then centrifuged at 12,000 g for 15 min at 4 °C. 
When the centrifugation was done, the aqueous phase 
which contains the RNA was then collected to avoid 
contamination with the interphase and organic layer. An 
equal volume of 100% ethanol was added to the lysate 
and the mixture was transferred to a RNeasy Mini Col-
umn (Qiagen). The RNA was then bound to the column 
and washed with the buffers provided in the Qiagen kit 
as recommended by the manufacturer. The elution of the 
purified RNA was done using 30 µL of RNase free water 
to give high purity total RNA that can be used for sub-
sequent bulk RNA sequencing. Nanodrop Spectropho-
tometer ND-1000 UV/vis was used to determine the 
concentration and purity of the RNA and extracted high 
quality RNA were then shipped to Novogene (​h​t​t​p​​s​:​/​​/​w​
w​w​​.​n​​o​v​o​​g​e​n​​e​.​c​o​​m​/​​u​s​-​e​n​/) for Bulk RNA sequencing on 
the Illumina platform [40]. cDNA library construction 
was performed with 1 µg of RNA using NEBNext Ultra 2 
RNA Library Prep Kit for Illumina (cat NEB #E7775, New 
England Biolabs, Ipswich, MA, USA) according to the 
manufacturer’s protocol. The mRNA were enriched using 
oligo (DT) beads and followed by two rounds of purifica-
tion and fragmented randomly by adding fragmentation 
buffer. The first strand of cDNA was synthesized using 
the random hexamers primer. Next, dNTPs, RNase H, 
DNA polymerase 1, and a custom second strand syn-
thesis buffer (Illumina) were added to produce the sec-
ond strand (ds-cDNA). Subsequently, terminal repair, 
poly-adenylation, and sequencing adaptor ligation were 
performed, followed by size selection and PCR enrich-
ment. This resulted in 250–350 bp insert libraries, which 
were quantified using a Qubit 2.0 fluorometer (Thermo 
Fisher Scientific, Walkham, MA, USA) and quantitative 
PCR. An Agilent 2100 Bioanalyzer (Agilent Technolo-
gies, Santa Clara, CA, USA) was used to determine size 
distribution. Sequencing was performed on an Illumina 
NovaSeq 6000 Platform (Illumina, San Diego, CA, USA) 
using a paired-end 150 run (2 × 150 bases) Q30 ≥ 80% at 

https://www.novogene.com/us-en/
https://www.novogene.com/us-en/
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20 M raw reads/sample. Alignment was performed using 
hisat2, v2.1.

Proteomics
Tissue microsampling was performed using an infra-
red (IR) laser ablation (Figure S1) (5xFAD (n = 3) and 
C57BL/6 (n = 3); all female mice) and capture system 
that has been described previously [41]. The system com-
prises an OPO laser (Opolette 2940, OPOTEK, Carls-
bad, CA, USA), focusing optics, attenuation, and sample 
collection system. The OPO was operated at 2940 nm 
wavelength, 20 Hz repetition rate, and was focused to 
a spot size of 50 μm for tissue ablation in transmission 
geometry. The tissue section was translated horizontally 
at 600 μm/s in a serpentine pattern with a 30 μm line 
spacing, corresponding to 1.5 shots per spot. Areas of 1 
mm2 cortex were ablated from 5xFAD mice (n = 3) and 
healthy C57BL/6 mice (n = 3) brain samples and cap-
tured. Ablated tissue was collected in 0.2 µL dimethyl 
sulfoxide (DMSO; Mallinckrodt) on a PTFE printed glass 
microscope slide (Electron Microscopy Sciences, Hat-
field, PA, USA). The capture slide was placed at ca. 1 mm 
below the tissue and translated using a three-dimensional 
micrometer-driven stage (Model-423, Newport, Irvine, 
CA, USA). After ablation, the capture slide was stored at 
− 20 °C prior to protein digestion.

Protein digestion on the capture slide followed a pre-
viously reported method [42]. Initially, the slides were 
brought to room temperature, and 500 nL of a solution 
consisting of 10 mM DL-dithiothreitol (DTT; Sigma-
Aldrich) and 0.2% n-dodecyl-β-d-maltoside (DDM; 
Sigma-Aldrich) in 100 mM ABC buffer was introduced 
into each microwell. Subsequently, the slide was placed 
in a small aluminum box (12 × 9 × 3 cm) with a layer 
of water at the bottom to maintain humidity and incu-
bated for 1 h at 90 °C in a gravity convection oven (Cat 
# 89511-404, VWR) to reduce disulfide bonds. The slide 
was vacuum-dried, and a solution containing 30 mM 
iodoacetamide (IAA; Sigma-Aldrich) in 100 mM ABC 
buffer was added to each microwell. To achieve protein 
alkylation, a plain microscope slide with a 1 mm spacer 
was placed over the samples in a Petri dish (10 cm diam-
eter and 1.5 cm depth) with a water layer at the bottom to 
maintain humidity, and the slide was incubated in dark-
ness at approximately 25 °C for 30 min. Protein diges-
tion was achieved by adding 500 nL of 2.5 ng trypsin/
Lys-C mix (Promega, Madison, WI) in 100 mM ABC to 
each microwell, replacing the cover, and incubating in 
the Petri dish overnight at 37 °C in a gravity convection 
incubator (Cat # 89511-420, VWR). Finally, 500 nL of 2% 
formic acid was added to each microwell to quench the 
digestion, and the capture slide was vacuum-dried and 
stored at − 20 °C until mass spectrometry analysis.

Before LC-MS/MS analysis, the PTFE slides were 
equilibrated to room temperature, and the dried pro-
tein digest was rehydrated with 3.5 µL of 0.1% formic 
acid, then transferred to a 0.2  ml microcentrifuge tube. 
The microwells on the capture slide were rinsed with an 
additional 3.5 µL of 0.1% formic acid, resulting in a total 
volume of 7 µL. This peptide solution underwent cen-
trifugation at 10,000 g for 10 min, and 5 µL of the super-
natant, avoiding tissue debris, was pipetted into a 250 µL 
polypropylene microvial (Cat # 66021-194, VWR). The 
chromatographic mobile phase consisted of 0.1% aque-
ous formic acid (Solvent A) and 0.1% formic acid in ACN 
(Solvent B). The sample was loaded onto an Acclaim 
PepMap 100 C18 trap cartridge (0.3 × 5  mm, 5  μm par-
ticle size, 100 Å pore size) at a flow rate of 10 µL/min 
for 10  min using 5% Solvent B. Separation occurred on 
an Acclaim PepMap 100 C18 nanoLC column (75 μm × 
15 mm, 3 μm particle size, 100 Å pore size) with a linear 
gradient from 5% to 45% Solvent B over 60 min at a flow 
rate of 300 nL/min.

LC-MS/MS was carried out using an Ultimate 3000 
RSLC liquid chromatography system coupled to an 
Orbitrap Q-Exactive mass spectrometer (Thermo Fisher 
Scientific, Waltham, MA). The mass spectrometer oper-
ated in data-dependent acquisition mode, encompassing 
a full MS scan range of 300–1800  m/z, a resolution of 
70,000, an automatic gain control AGC target of 1 × 106, 
and a maximum injection time of 30 ms. After each MS1 
scan, the 10 most abundant precursor ions with charges 
between + 2 and + 7 and intensity exceeding 1 × 104 were 
selected with a m/z window of 2, a 5 × 104 AGC target, 
50 ms maximum injection time, 60 s dynamic exclusion, 
and subjected to fragmentation via high energy collision 
at 30% normalized collision energy. MS/MS spectra were 
captured at a resolution of 17,500.

Identification and quantification of protein levels 
was performed via the Proteome Discoverer (ver. 2.4, 
Thermo Fisher Scientific, Waltham, MA), employing 
both Sequest HT and Mascot (Matrix Science, London, 
UK) search engines. The search was performed against 
the UniprotKB database (Release 2020_06) with tax-
onomy restricted to Rattus norvegicus. Methionine oxi-
dation (dynamic) and cysteine carbamidomethylation 
(static) were selected as peptide modifications, while 
dynamic protein modifications included N-termini acety-
lation, methionine loss, contemporary acetylation, and 
methionine loss. The endopeptidase trypsin Lys-C was 
chosen with a maximum of 2 missed cleavages. Spec-
trum selection employed a 1.5 signal-to-noise threshold, 
and mass tolerances were set at 10 ppm for precursors 
and 0.2 Da for fragments. The minimum peptide length 
was six amino acids. Peptide spectrum match validation 
employed Percolator software with a target false dis-
covery rate (FDR) of 0.01 (strict) and 0.05 (relaxed). A 
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consensus workflow was subsequently utilized to further 
process the result files, yielding protein identification and 
quantification. Proteins were considered identified if they 
had at least two matching peptides, including one unique 
peptide, with a minimum FDR of 0.05.

Lipidomics
UHPLC-HRMS methods: Global lipidome profiling was 
performed using an established HILIC method [43]. The 
5xFAD (n = 6; 5 female and 1 male) and control (n = 4; 
all female) samples were stored at 4 °C prior to analysis. 
A Thermo Fisher Scientific, Waltham, MA -Vanquish 
ultra-high performance liquid chromatography system 
(UHPLC, Waltham, MA) was used to inject 5 µL of sam-
ple onto an Acuity UPLC BEH HILIC column (1.7 µM, 
2.1 mM X 100 mM; Waters). Mobile phase A consisted 
of acetonitrile/water (50:50, v: v) while mobile phase B 
consisted of acetonitrile/water (95:5), each with 10 mM 
ammonium acetate and adjusted to pH 8. The gradient 
was linear from 100% to 80% A in 10 min at flow rate of 
500 µL/min and column temperature of 30 °C The gradi-
ent used was as follows: t = 0 min: 100% solvent B flow 
rate of 0.50 mL/min, t = 10 min: 80% solvent B flow rate 
0.5 mL/min, t = 10.0 min: 100% solvent B flow rate 0.5 
mL/min, t = 11 min: 100% solvent B flow rate 0.5 mL/min 
until equilibration at 11 min. Eluent was introduced to 
the mass spectrometer via heated electrospray ionization 
(HESI) source, with the following parameters: sheath gas 
50 (arbitrary units), aux gas 10 (arbitrary units), sweep 
gas 0 (arbitrary units), spray voltage 3.5 kV (positive), 
2.5 kV (negative), ion transfer tube temperature 325 °C . 
Mass analysis was performed using an Orbitrap Exploris 
120 (Thermo Scientific, Waltham, MA) mass spectrome-
ter. Each sample was analyzed in both positive and nega-
tive polarity modes utilizing the same chromatographic 
method. Ions of PC species were detected in positive 
mode with PG and PE detected in negative mode. Masses 
were detected in full scan mode within a scan range of 
100–1,000 m/z, operated at a resolution of 120,000, with 
an automatic gain control target of (AGC) of 3 × 106 ions, 
and a maximum injection time of 100 ms. Full scan data 
was complemented with data dependent acquisition 
(DDA) at a resolution of 35,000 utilizing 35 eV collisional 
energy. The mass spectrometer was calibrated every 24 
h. Based on an internal standard, the retention time for 
each GP class is as follows: PA 5.94 min, PC, 5.16 min, PE 
4.17 min, PG 1.76 min, PI 3.67 min, PS 5.8 min.

Identification and quantification of glycerophospho-
lipids (GP) and free fatty acids (FA) were identified using 
a custom library 1700 GP structures, retention time 
matches deuterated internal standards (+/- 0.5 min), 
and mass accuracies (+/- 5 ppm) of the expected m/z 
values using an Orbitrap Exploris 120. The deuterated 
internal GP standard included 15:0–18:1(d7) PC160, 

15:0–18:1(d7), 15:018:1(d7)PS5, 15:0–18:1(d7) PG30, 
15:0–18:1 (d7) PI10, 15:0–18:1 (d7) PA7, 18:1 (d7) LPC25, 
18:1 (d7) LPE5, 18:1 (d7) Chol Ester350, 18:1 (d7) MG2, 
15:0–18:1 (d7) DG10, 15:0–18:1 (d7)-15:0 TG55, 18:1(d9) 
SM30, and cholesterol (d7) 100. Glycerophospholipids 
predominately ionized as [M-H]- in negative mode and 
[M] + in positive mode for phosphatidylcholine (PC) 
using heated electrospray ionization for a hydrophilic 
interaction liquid chromatography (HILIC) method. 
RAW data acquired from XCalibur (version 4.2 SP1, 
Thermo Fisher Scientific) were converted to a .mzML 
format using MS convert (ProteoWizard). El MAVEN 
analysis package (V0.12.0) was used to manually integrate 
exact masses and ion intensities of predicted GP species 
with an error < 5 ppm [44–46] The integrated intensities 
were normalized to a known concentration of the deuter-
ated internal standard that allowed for the average peak 
area, standard deviation, and individual concentration of 
GP to be calculated. GP abundances were calculated by 
summation of the relative concentrations by comparison 
to the Avanti deuterated internal standard. Heatmaps 
were developed in RStudio (V2024.12.1) that summed 
GP species and calculated the ratio of normalized, log2 
transformed intensities of experimental group over the 
control group. A paired student’s t-test was utilized to 
determine significance can calculate p-values. Abun-
dance data represent the averages of three biological 
replicates. The EICs and mass spectra were plotted using 
XCalibur software version 4.2 SP1 (Thermo Fisher Scien-
tific, Waltham, MA).

Bioinformatics analysis
The transcriptomics, proteomics and metabolomics 
data were subjected to individual bioinformatics data 
analysis pipelines as described below. For the transcrip-
tomics data, the FASTQ formatted RNA sequencing files 
were decompressed and sequencing reads were qual-
ity-checked via the RseQC (version 5.0.3) [47], adapter 
trimmed using Cutadapt [48], mapped to the mouse ref-
erence genome (GRCm39) via STAR (version 2.7.11b) 
[49], and converted to raw counts with featurecounts 
from the RSubreads (version 2.20.0) [50]. After removal 
of low expressing genes, 15,500 genes were retained 
(from an original 47626 genes). Raw counts were normal-
ized via the TMM-normalization method in the edgeR 
package (v. 3.38.4) [51], with normalization values rang-
ing between 0.91 and 1.06. Principal component analysis 
was conducted using princomp function in R for outlier 
detection (none detected). Differential gene expression 
analysis was performed via the limma package using 
the trend function (version 3.56.1) [52], and genes with 
an adjusted P value (FDR) ≤ 0.05 were considered as dif-
ferentially expressed (DEG), unless otherwise indicated. 
Gene-set enrichment analysis was performed via the Fast 
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Gene Set Enrichment Analysis (fGSEA) (v. 1.30.0) pack-
age [53], based on gene set permutations on a pre-ranked 
gene list to identify enrichment of pathways present in 
the Kyoto Encyclopedia of Genes and Genomes database 
(KEGG), available from the Molecular Signature Data-
base (MSigDB) [54] repository. Pathways with adjusted 
P values ≤ 0.05 were considered to be significantly reg-
ulated. The direction of pathway regulation was deter-
mined by the sign of its normalized enrichment score 
statistic (NES) derived from fGSEA with a positive NES 
indicating pathway upregulation with respect to the com-
parator group.

The proteomics data consisted of 884 proteins with full 
expression results, and after removal of low-expressed 
proteins, 828 proteins were retained for further analy-
sis. Protein levels were normalized to total input pro-
teins. Principal components analysis identified no outlier 
samples. Differential expression analysis was performed 
via limma. Due to the reduced coverage of the proteome 
by the lower number of proteins (compared to the tran-
scriptome), a pathway overrepresentation analysis of 
KEGG pathways was conducted via Enrichr [53] instead 
of fGSEA [55]. Pathways with an overrepresentation FDR 
≤ 0.05 were considered to be significantly regulated.

The lipidomics (phospholipids plus lipid mediators) 
dataset was normalized against internal standards for 
all lipids except lipid mediators. Further analysis of lipi-
domics data was conducted through the web-version of 
Metaboanalyst 6.0 (​h​t​t​p​​s​:​/​​/​w​w​w​​.​m​​e​t​a​​b​o​a​​n​a​l​y​​s​t​​.​c​a​/​M​e​
t​a​b​o​A​n​a​l​y​s​t​/) [56] via the one-factor statistical analysis 
option. To ensure proper normalization, the metabo-
lite expression data was further log10 transformed and 

median normalized for all lipids excepting lipid media-
tors (lipid mediators were found to be sufficiently nor-
malized after log10 transformation alone). Principal 
components analysis was performed separately on lipids 
and lipid mediators and no outlier samples were detected. 
Both univariate (t-test and Wilcoxon test) and multivari-
ate (partial least squares discriminant analysis or PLSDA) 
were conducted to identify individual metabolites or 
groups of metabolites that contributed to a differentia-
tion between control and 5xFAD samples. For PLSDA 
analysis, a variable importance plot (VIP) was further 
constructed to identify top metabolites (variables) con-
tributing to discrimination between the groups.

Results
Histopathological and morphological analysis of cortical 
regions
The experimental workflow presented in Fig. 1a showed 
the research design for analyzing cortical areas of AD and 
control mice. The H&E evaluation (Fig. 1b) revealed con-
siderable neuronal cell loss in the cortical areas of 5xFAD 
mice as compared to the healthy controls. In the healthy 
controls, neurons had intact architecture and were easily 
distinguishable while 5xFAD mice had disrupted cortical 
architecture along with the β-amyloid plaques and tau 
tangles (Fig. 1b). Image analysis showed that the cortical 
region significantly reduced (p = 0.0154) in the AD brain 
(Fig. 1c).

Fig. 1  (a) Schematic (created with http://www.biorender.com/) of the experimental workflow. (b) Comparative histological and morphological assess-
ment of the cortical region in Control and AD mice. The black arrow shows β-amyloid plaques in the cortical region of 5xFAD mice. (c) Quantitative 
analysis of the area of the cortical region for control and 5xFAD brain

 

https://www.metaboanalyst.ca/MetaboAnalyst/
https://www.metaboanalyst.ca/MetaboAnalyst/
http://www.biorender.com
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Immunohistochemical (IHC) detection of β-amyloid and 
Tau proteins
The immunohistochemical imaging of cortical regions of 
AD and control mice demonstrates the increased deposi-
tion of β-amyloid (Fig. 2a) and tau (Fig. 2b) proteins, in 
AD as compared to the control mice. The quantitative 
fluorescence intensity analysis (Fig.  2c and d) showed 
significant intensity and % coverage of both the proteins 
(β-amyloid and tau) in the AD group as compared to the 
control group.

Transcriptomic and proteomic profiling
To access the differences in the transcriptomic and pro-
tein expression of AD mice, bulk RNA sequencing and 
proteomics analysis were performed on the 5xFAD and 
the control samples. For the proteomics analysis selected 

brain region(cortex) were laser ablated from the entire 
brain tissue. Data was subjected to analysis of DEGs and 
DEPs at FDR ≤ 0.05. Volcano plots identified genes and 
proteins that were significantly up-regulated and down-
regulated in AD (Fig.  3a and b). Boxplots were con-
structed for top 10 most differentially expressed genes 
(Figure S2c) and proteins (Figure S6a) (FDR ≤ 0.05). The 
hierarchically clustered heat maps (Fig.  3c & 3d) dis-
play the sample-level expression of the top 50 DEGs and 
DEPs (selected based on FDRs), respectively. The bar 
graph (Fig.  3e) shows the differentially expressed genes 
and proteins for the transcriptomic and proteomic data-
sets. The transcriptomic data had 691 up-regulated and 
600 down-regulated genes while the proteomic data 
had 152 up-regulated and 110 down-regulated proteins 
(both at FDR ≤ 0.05). The differences in the number of 

Fig. 2  Comparison of the fluorescence image of the cortex region of the brain for control and 5xFAD mice, illustrating the distribution of aβ amyloid and 
b tau proteins, respectively. Mean intensity and coverage % of c amyloid-β, and d Tau protein in the cortex region
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differentially expressed genes and proteins is primarily 
a reflection of the much bigger pool of gene candidates 
considered for differential analysis (15,500) compared to 
proteins (828). A comparison of the significantly differen-
tially expressed (FDR ≤ 0.05) genes and proteins (Fig. 3e)), 
identified an overlapping set of 25 common DEGs and 

DEPs, including several proteins associated with the 
large (60  S) and small (40  S) subunits of the eukaryotic 
ribosome (RPL14, RPL8, RPL21, RPL34, RPL3, RPL27A, 
RPL19, RPL13, RPL23A, RPL4, RPL11, RPL13A, RPS25, 
RPS8, RPS11, RPS3 and RPS23, RPS10, RPS18, RPS6) 
as well as other proteins ( EEF1G, SOD1, ATP6V1G1, 

Fig. 3  Volcano plot showing the upregulated and downregulated genes in the cortex at the a transcriptomic and b proteomic level, respectively. 
Heatmap showing the top 50 c differentially expressed genes (DEGs) and d differentially expressed proteins (DEPs, (based on FDR) in the cortex region. 
Red shows upregulation whereas blue shows downregulation. For each gene/protein, expression levels are row-normalized and expressed via a color 
scale ranging from blue (lower expression) to red (higher expression). e Summary of total number of genes and proteins significantly upregulated and 
downregulated (FDR ≤ 0.05) in the cortex of AD and control. f Venn diagram illustrating the overlapped DEGs and DEPs in the cortical region of the brain 
(FDR ≤ 0.05). g Heatmap of sample-level expression profiles for the common list of significantly differentially expressed (FDR ≤ 0.05) genes and proteins in 
AD and control samples. All expression levels are row-normalized and expressed in a color scale from blue (lower expression) to red (higher expression). 
The first six columns of the heatmap refer to protein expression whereas the last six columns represent gene expression data
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CBR3, and TNK2). The heatmap (Fig. 3g) shows the sam-
ple-level expression of these common genes and proteins 
and displays wide concordance in their levels of expres-
sion between the AD and control groups with the excep-
tion of TNK2 and ATP6V1G1. These two genes were 
upregulated in AD compared to controls, but their cor-
responding protein expression was downregulated in AD 
samples.

Ribosomal pathway dysregulation
The analysis of the RNA seq data reveals a significant 
dysregulation of the ribosomal pathway and other impor-
tant biological processes. Principal Components Analysis 
(PCA) (Figure S2a) was performed on normalized tran-
scriptomic data after removal of low expressing genes. 
Samples were color-coded by group (AD, CNT). Clear 
separation between groups was observed, first 2 principal 
components explain ~ 62% variation in gene expression.

Nominal p-values obtained from differential gene 
expression analysis via limma (Figure S2b). Histogram 
shows the gene counts at each p-value bin. Total of 20 
bins, with each bin representing a p-value change of 
0.05 and first bin (0-0.05) represents genes with stron-
gest evidence for differential expression between AD and 
Control. Boxplots (Fig. 4a) show that several ribosomal 
protein genes (Rpl family) are consistently upregulated 
in the AD group as compared to controls, which suggests 
that there is an increase in ribosomal activity or biogene-
sis. The only exception was Rpl29 which was significantly 

downregulated in the AD samples (although protein lev-
els of RPL29 were not significantly different between AD 
and controls). While the important of this selective tran-
scriptomic difference in regulation is currently unclear, it 
may point to an attempt at selective ribosome remodeling 
via transcriptional regulation leading to ribosome assem-
bly with different RPL compositions in AD and control 
samples [57]. Pathway enrichment analysis conducted via 
FGSEA on KEGG pathway database (Figure S3a), wiki 
pathway database (Figure S3b), and hallmark pathway 
database (Figure S3c) for AD vs. Control (FDR ≤ 0.05).

The GSEA enrichment plot for the Ribosomal path-
way from the KEGG database (Fig.  4b) also supports 
this finding with a highly significant enrichment score 
(NES = 2.62, p = 0) and a clear bias towards the upregula-
tion of ribosomal genes in the AD group. Figure 4c shows 
the full list of KEGG pathways that were significantly 
enriched (up- or down-regulated) in the AD compared 
to control samples, with the Axon Guidance, Oxidative 
phosphorylation and Ribosomal pathway showing the 
highest level of statistical significance among the AD-
upregulated pathways. Other affected pathways include 
biological processes related to antigen processing, lyso-
somes, and inflammatory signaling, suggestive of effects 
on protein synthesis, immune response, and cellular 
signaling.

To analyze the translation of these transcriptome, we 
performed unbiased proteomic analysis of the cortex 
region in the AD and control samples. The proteomic 

Fig. 3  (continued)
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analysis showed increase expression of all RPL proteins 
in AD except for RPL29 (Figure S6) significantly. Gene 
Ontology pathway enrichment analysis [58] identified the 
major biological processes, molecular functions, and the 
cellular component pathways for DEGs (Fig. 4d) in the 
RNA seq data, along with the KEGG pathway enrichment 
plot (Figure S4a, S4b, S4c). The network visualizations 
depicted GO term relationships with their associated 
genes through node size indicating linked gene numbers 
and edge color representing functional categories (Fig. 
4e).

The proteomic analysis showed that all RPL proteins 
demonstrated increased expression in AD group. Prin-
cipal Components Analysis (PCA) (Figure S5a) was per-
formed on normalized transcriptomic data after removal 
of low expressing genes. Samples were color-coded by 
group (AD, CNT). Clear separation between groups was 
observed, first 2 principal components explain ~ 64% 
variation in gene expression. Nominal p-values obtained 
from differential gene expression analysis via limma 
(Figure S5b). Histogram shows the gene counts at each 

p-value bin. Total of 20 bins, with each bin representing 
a p-value change of 0.05 and first bin (0 - 0.05) represents 
genes with strongest evidence for differential expression 
between AD and Control.

The analysis revealed that RPL11, RPL15, RPL24 and 
RPL8 showed significant overexpression in AD samples 
(FDR ≤ 0.05) as shown in Fig. 5(a). The ribosome path-
way together with cysteine and methionine metabolism 
and protein processing in endoplasmic reticulum path-
ways showed significant overrepresentation among dif-
ferentially expressed proteins in AD (Fig. 5b). The KEGG 
pathway analysis (Fig. 5c) showed substantial changes in 
oxidative phosphorylation neurodegeneration pathways, 
which include Alzheimer’s disease, synaptic pathways, 
and calcium signaling (Figure S7). The results show that 
RPL isoform dysregulation in AD could lead to extensive 
changes in metabolic and stress response and transla-
tional pathways which demonstrates the essential role of 
ribosome-associated functions in AD molecular patho-
genesis. Gene Ontology pathway enrichment analysis 
[58] identified the major biological processes, molecular 

Fig. 4  a Boxplots depicting the distribution of expression for different ribosomal protein L isoform coding genes (RPLs) with FDR ≤ 0.05 in AD and control 
samples. b fGSEA derived enrichment plots for the KEGG- Axon Guidance, Oxidative phosphorylation and Ribosome pathway. The normalized enrich-
ment score (NES) and nominal enrichment p-value are shown in the plot inset. c Pathway enrichment using KEGG showing pathways that are significantly 
regulated between AD and control samples (FDR ≤ 0.05). The length of the bars indicated the magnitude of pathway enrichment whereas the color of 
the bar is proportional to the evidence for statistically significant difference (darker shade indicating greater statistical significance); d GO enrichment 
analysis of significant (Padj ≤ 0.05) DEGs; e Network visualization showing the relationship between the differentially expressed genes and their associated 
pathways using SRplot
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functions (Fig. 5d), and the cellular component pathways 
(Fig. 5e), considering all the DEPs and considering only 
the upregulated (Figure S7) proteins in the proteomics 
data.

The evaluation of AD transcriptomic and proteomic 
changes requires pathway enrichment analysis of both 
datasets followed by result integration (Fig. 6). The Venn 
diagrams show the overlapping and separate pathways 
that exist between upregulated and downregulated genes 
and proteins in the AD and control samples. The upregu-
lated pathways that appear in both datasets include ribo-
some and mRNA processing (WP310) and cytoplasmic 
ribosomal proteins (WP163) and adipogenesis and Myc 
targets V1 and coronavirus disease. The analysis revealed 
4 pathways that appeared only in the transcriptome data 
and 15 pathways that appeared only in the proteome 
data. The Ras signaling pathway and calcium signaling 

pathway showed consistent downregulation in both tran-
scriptomic and proteomic data, but 9 pathways appeared 
only in the transcriptome and 7 pathways appeared only 
in the proteome. The results show that ribosome activity 
and mRNA processing show uniform elevation but neu-
ronal signaling pathways demonstrate consistent deterio-
ration between the two molecular layers.

The combination of transcriptomic and proteomic data 
revealed matching pathway patterns between essential 
disease-related modules (Fig. 6a and 6h). The mitochon-
drial dysfunction pathway (Fig. 6a and 6e) contained 48 
genes (Figure S8a & S8b) which shared 7 common ele-
ments between datasets including altered protein lev-
els of NDUFA6/4/2, CHCHD3, CYB5B and DNM1 as 
compared to gene data set. The protein-level impair-
ment of oxidative phosphorylation received partial tran-
scriptional compensation according to these results. The 

Fig. 4  (continued)
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synaptic dysfunction pathway (Fig. 6b and 6f ) contained 
40 genes (Figure S9a & S9b) which shared 15 common 
elements that showed decreased protein levels of SYN-
GAP1, GRIN1, STX1A/2, CAMK2A, MAPT SYNPO and 
PCP4 despite minimal RNA changes. The protein levels 
of synaptic components decreased in AD patients while 
their RNA expression remained modest which indicates 
that post-transcriptional protein degradation plays a cen-
tral role in AD pathogenesis. The fatty-acid oxidation 
pathway (Fig. 6c and 6g) contained 86 genes (Figure S10a 
& S10b) with only two overlapping genes (FABP3/5) that 
showed increased protein levels which indicate impaired 
lipid catabolism. The oxidative stress pathway (Fig.  6d 
and 6h) contained 13 genes (Figure S11a & S11b) with 
6 overlapping genes that included antioxidant proteins 
PRDX6, and PSPC1 which showed increased protein lev-
els with small changes in RNA expression.

The Gene Ontology enrichment results (Fig. 6j and 6l) 
confirmed these observations by showing that biologi-
cal processes involved cytoplasmic translation and syn-
aptic transmission and molecular functions included 
ribosomal components and rRNA binding and synaptic 
regulators such as glutamate receptor binding and cel-
lular components showed dominance of ribosomes and 
postsynaptic density and mitochondrial inner membrane 

complexes. The KEGG pathway (Fig.  6m) and WikiPa-
thways (Fig.  6n) analysis confirmed that ribosome and 
oxidative phosphorylation pathways dominate the data 
set together with MAPK, calcium and GPCR signaling 
pathways. The network analysis (Fig.  6o) grouped the 
results into three main clusters which included ribosomal 
proteins and synaptic dysfunction and mitochondrial 
and oxidative phosphorylation pathways. ATP5O and 
ATP5A1 act as a bridge between the ribosomal hub and 
synaptic nodes.The pathophysiology of AD results from 
increased ribosome/mRNA processing activity together 
with reduced neuronal signaling and disrupted mito-
chondrial and synaptic and metabolic and oxidative stress 
pathways. The two approaches show limited shared ele-
ments, yet their results demonstrate that ribosomal activ-
ity and synaptic dysfunction and mitochondrial damage 
work together to drive neurodegenerative processes.

Lipidomic analysis
To understand the lipidomic changes associated with AD, 
we performed untargeted lipidomics of cortex samples 
obtained from AD and control groups (Figure S12a). The 
lipidomic profiling identified several phospholipids and 
lipid mediators species changed in AD. Analysis via PLS-
DA scatterplots (Fig. 7a) demonstrated clear cluster of 

Fig. 4  (continued)
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Fig. 5  a Boxplots for different ribosomal protein L isoforms (RPLs) with FDR ≤ 0.05. Enrichr analysis for overrepresentation of KEGG pathways among dif-
ferentially expressed proteins (FDR ≤ 0.01) for b upregulated and c downregulated proteins respectively in AD. d Enrichment bubble plot for biological 
process, cellular component, and molecular function. e Circos plot for different pathways
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the AD and control samples based on the lipid profiles. 
The variable importance plots (VIP) (Fig. 7b) identified 
phospholipids species such PG, PI, PS, PC, PE as impor-
tant contributor to the clustering of the groups. Notably, 
changes in in phospholipid metabolism are known to 
modulate mitochondrial function and create oxidative 
stress in various neurodegenerative diseases [59, 60]. Fur-
ther, heatmap (Fig. 7c) shows the expression of the differ-
entially expressed (p ≤ 0.05) phospholipids and show an 
enrichment of very long chain PG moieties carbon chain 
> 24 (VLC-PG), suggesting effects on membrane stability 
and rigidity. Additionally, the known structural role of PG 
in mitochondrial membrane structure [61] and inflam-
mation suggests that alterations in VLC-PGs can poten-
tially influence mitochondrial dysfunction and chronic 
inflammation in AD, similar to what has been reported 
for frontotemporal dementia [62]. Furthermore, from the 
boxplots depicting the expression distribution of the top 
7 most significantly regulated phospholipids (based on 
FDR ≤ 0.05) (Fig. 7d), there are evident changes in the 
levels of various lipid species. The levels of PG (28:8), 
PG (37:3), PG (40:6), and PI (42:10) were significantly 
increases in the AD samples. This dysregulation in the 

phospholipids might affect the mitochondrial membrane 
composition and increase the oxidative damage, in line 
with the evidence of lipid homeostasis being disturbed 
in the pathogenesis of AD [63]. However, PG (37:6) and 
PS (40:7) were significantly decreased in the AD group 
compared to the controls. PC species were mainly upreg-
ulated in AD, whereas PA and PS species were downreg-
ulated in AD (Fig. 7c). PE species with very long carbon 
chains (> 30) were downregulated in AD, whereas mod-
erately long-chain PE species (< 30) were upregulated in 
AD.

Lipidomic profiling of phospholipids by acyl chain 
length revealed unique variations between different 
classes of phospholipids in the AD vs. control groups. 
The upregulation of very large chain carbons (C32–C44)-
PC species suggests enhanced membrane turnover. The 
downregulation of PA and PS species points to impaired 
lipid biosynthesis and apoptotic signaling pathways. The 
downregulation of PE species indicates mitochondrial 
membrane instability. The observed changes in Fig. 7e 
indicate that AD pathology results from extensive mem-
brane reorganization and lipid regulatory disturbances 
[64, 65].

Fig. 5  (continued)
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In order to investigate the formation of bioactive lipids, 
we also performed targeted analysis of lipid mediators 
(Figure S12b). The PCA plot (Fig.  7f ) showed a distinct 
cluster of AD & control samples, indicating that the 
lipid mediator profiles are different in those two groups. 

We observed decrease of DHSM (13:3, 12:1, 13:1). Leu-
kotriene E4, Nitro fatty acid(OA(NO2)2NO), HerCer 
(14:1), and DAG (27:6) in AD. Surprisingly, Oxylipin (5,6 
DHET) was upregulated in AD compared to the controls 
(Fig. 7g).

Fig. 6  Venn diagram shows the overlap between the transcriptomics (blue) and proteomics (light blue) for four families, namely a Mitochondrial dys-
function, b Synaptic dysfunction, c Fatty Acid Oxidation and d Oxidative stress. e-h Bar plots show the common genes across the listed transcriptomics 
(orange) and proteomics (green) pathways, with changes in gene and protein expression indicated by log2Fold Change. i Venn analysis of the enriched 
pathways in transcriptome and proteome in the cortex showing common upregulated and downregulated pathways in AD. j-l demonstrates the GO en-
richment analysis- j Biological Process, k Molecular function and l Cellular Component. m, n show the KEGG pathway and the WikiPathways, respectively. 
X-axis = enrichment signal; bubble size = gene count; bubble color = FDR (darker = more significant); right bars show cluster similarity. o String PPI network 
shows three modules: Dense ribosomal hub, oxidative and mitochondrial clusters along with the synaptic module
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Integration of lipidomics with transcriptomic and pro-
teomic data reveals a coordinated membrane remodeling 
program in AD cortex. Lipidomic profiling demonstrates 
marked heterogeneity within phospholipid classes, 
including dramatic accumulation of select phosphati-
dylglycerol (PG) species alongside depletion of others, 
consistent with disrupted mitochondrial membrane 
organization and cardiolipin remodeling. We observed 
PG species were strongly upregulated (e.g., PG (40:6) ~ 
52×, PG (45:5) ~ 97×, PG (37:3) ~ 55×), while some PG 
species were strongly downregulated (e.g., PG (37:6) ~ 
0.04×, PG (48:7) ~ 0.10×). Accumulation of select PG spe-
cies reflects mitochondrial membrane remodeling and 
impaired CL maturation (Fig. 8a and b). This aligns with 
reduced mitochondrial biogenesis and structural sup-
port (Ppargc1a↓, Opa1/Tfam/Mfn2↓, VDAC1 protein↓) 
and activation of mitochondrial stress responses. The 
network analysis of lipidomics data (Fig. 8c) showed the 
significant activation (p < 0.001) of PS to PE conversion 

pathway. The canonical synthesis pathway showed that 
Ptdss1 is responsible for the conversion of PC to PS, and 
Ptdss2 is responsible for the conversion of PE to PS in the 
ER (Fig. 8e) [66]. The enzyme PSD is responsible for the 
conversion of PS to PE in the mitochondria (Fig. 8e). Our 
RNA-seq data for the cortex region showed upregulation 
of Psd and downregulation of Ptdss1 and Ptdss2 (Fig. 8f ). 
This is reflected in our lipidomics dataset, where PS is 
significantly downregulated (p < 0.01) in AD compared to 
the control brain (Fig. 8d). PG is the direct biosynthetic 
precursor of cardiolipin (CL) and is enriched in mito-
chondrial membranes. The dramatic increase in specific 
polyunsaturated PG species suggests disrupted cardio-
lipin remodeling. The RNA-seq data showed upregula-
tion of genes associated with CL biosynthesis (Fig. 8k).

Our lipidomic dataset showed widespread increase of 
PC species, particularly long-chain and saturated species 
(e.g., PC (35:0), PC (34:0), PC (30:0), PC (36:0), and PC 
(41:9)). PC is the dominant structural lipid of the ER and 

Fig. 6  (continued)
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rough ER, where ribosomes dock [67]. This aligns with 
the upregulation of ribosomal proteins in the proteomics 
data (2–15×) as well as upregulation of ER stress sensors 
and ER chaperones such as HSPA5 and HSP90B1 (Fig. 
8m). HSPA5 (BiP/GRP78) and HSP90B1 (GP96/GRP94) 
are critical endoplasmic reticulum (ER) chaperones that 
maintain protein homeostasis. Under normal conditions, 
HSPA5 binds to ER transmembrane sensors (PERK, IRE1, 
ATF6), keeping them inactive. When unfolded proteins 
accumulate, HSPA5 releases these sensors, triggering the 
unfolded protein response (UPR) to alleviate stress [68]. 
Similarly, HSP90B1 is a member of the HSP90 family and 
is critical for folding specialized proteins in the secretory 
pathway, particularly Toll-like receptors (TLRs) and inte-
grins [69]. Figure 8m also showed upregulation of ribo-
some biogenesis-related protein NCL in our proteomics 
data.

The opposing regulation of mitochondrial inner and 
outer membrane proteins in AD cortex (Fig.  8i) reveals 
a compartment-specific stress adaptation rather than 

uniform mitochondrial loss. Upregulation of inner mito-
chondrial membrane and cristae-organizing proteins 
(IMMT, CHCHD3, PHB1) and metabolite transporters 
(SFXN1, SFXN3) (Fig.  8i) suggests an adaptive effort to 
stabilize inner membrane architecture, preserve respira-
tory complex organization, and support mitochondrial 
proteostasis in the setting of membrane lipid remodel-
ing. In contrast, downregulation of outer mitochon-
drial membrane components involved in protein import 
and metabolite exchange (TOMM70 and VDAC1/2/3) 
(Fig.  8i) indicates reduced mitochondrial throughput 
and functional isolation under chronic stress. This inner-
membrane-protective and outer-membrane-restrictive 
configuration is consistent with mitonuclear–proteos-
tatic imbalance, in which increased nuclear translation 
and ribosome abundance outpace mitochondrial import 
and handling capacity, thereby engaging UPRᵐᵗ and ISR 
pathways observed in the AD dataset.

We observed reduced polyunsaturated PE species, 
although overall PE reduction in AD was not significant 

Fig. 7  Lipidomic analysis comparing the lipidome in the cortex of AD and control samples. a PLS-DA scatterplot showing the distinct cluster for AD and 
control b PLS-DA based VIP plot showing top 15 lipid features for discriminating AD from control samples, c Heatmap showing the significantly differen-
tially expressed lipids in AD vs. control, cortex (p ≤ 0.05) d Boxplots for top the 7 most differentially expressed lipids in the cortex (based on FDR ≤ 0.05), e 
Plot showing the variation in the carbon chain length with log2FC (AD vs. control) for the most significant lipids with FDR ≤ 0.05 f PLS-DA scatterplot show-
ing the cluster for AD and control samples based on lipid mediators. g PLS-DA-based VIP plot showing the top 15 lipid mediator features for distinguishing 
AD from control samples. Expression levels are row-normalized and color-coded from blue (low expression) to red (high expression)
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(Fig. 8b and 8d). Broad depletion of PUFA-PE leads 
to mitochondrial membrane instability and impaired 
mitophagy efficiency [70]. This also activates UPRᵐᵗ and 
ISR. Together, these data support a model in which lipid 
remodeling underlies stress-adaptive translational repro-
gramming and proteostasis in the AD brain, particularly 
within reactive glial populations, despite compromised 
mitochondrial metabolic efficiency. Further, the func-
tional network analysis (Fig. 8h) of the lipidomic data 
showed enrichment clusters for glycerophospholipid and 
sphingolipid metabolism. Functional networks generally 
reveal which lipids act together as part of a coordinated 
biological response.

Discussion
Our multi-omics analysis of cortex tissue from 5xFAD 
Alzheimer’s disease (AD) mice (age = 17 months) 
revealed complex yet convergent molecular signatures 
that implicate dysregulation of ribosomal biogenesis, pro-
tein homeostasis, vesicular trafficking, and lipid metabo-
lism at an advanced stage AD pathogenesis to understand 
the terminal proteostatic collapse of the Alzheimer’s 
brain, a stage characterized by significant neuronal loss 
and maximum amyloid-beta accumulation that is not 

fully realized in younger cohorts. Current study provides 
a comprehensive view of the ribosomal complex, show-
ing coordinated upregulation of both the 60 S and 40 S 
subunits (Figure S13). This indicates a late-stage drive 
toward increased ribosomal abundance, likely medi-
ated by the Integrated Stress Response (ISR) and UPRᵐᵗ 
(mitochondrial unfolded protein response) (Figure S14) 
as an attempt to maintain cellular homeostasis despite 
severe bioenergetic failure. Across both RNA-seq and 
proteomics datasets, we observed a consistent upregula-
tion of multiple ribosomal proteins (RPL3, RPL4, RPL7, 
RPL8 RPL10A, RPL11, RPL12, RPL13, RPL13A, RPL14, 
RPL15, RPL18A, RPL19, RPL21, RPL22, RPL23A, RPL24, 
RPL27, RPL27A, RPL34) except RPL29 and the transla-
tion elongation factor EEF1G. This coordinated increase 
suggests an expansion of ribosomal capacity and trans-
lational activity, potentially reflecting reactive gliosis 
or stress-adaptive translational reprogramming in the 
AD brain. Prior studies have reported similar ribosomal 
protein upregulation in both human AD cortex and 
murine models, interpreted as a compensatory response 
to protein misfolding and oxidative stress [71, 72]. The 
concomitant elevation of SOD1 further supports an 

Fig. 7  (continued)
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Fig. 8 (See legend on next page.)
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oxidative stress–driven ribosomal remodeling, consistent 
with mitochondrial dysfunction in AD [73].

Notably, TNK2 (ACK1) and ATP6V1G1 displayed 
discordant regulation between RNA and protein lev-
els—upregulated in RNA-seq yet downregulated in 
proteomics. Such mRNA–protein mismatches are 
increasingly recognized in neurodegeneration [74], often 
arising from post-transcriptional suppression, transla-
tional inefficiency (e.g., via eIF2α phosphorylation), or 
accelerated protein turnover. For TNK2, reduced protein 
abundance may impair receptor trafficking and synaptic 
signaling, while ATP6V1G1 loss could compromise lyso-
somal acidification and autophagic clearance [75–77] 
both processes central to amyloid and tau pathology 
[78], although direct association of TNK2 with AD has 
not been shown before [79, 80]. These findings suggest 
a failure of transcriptional compensation to restore pro-
tein function, possibly reflecting persistent translational 
stress in AD neurons.

Our integrated Transcriptomics and proteomics analy-
sis of AD demonstrates the ribosomal overactivity which 
leads to the mitochondrial dysfunction and synaptic 
network breakdown. Along with the persistent increase 
of ribosome and mRNA processing pathways indi-
cates abnormal translational control mechanisms which 
research has shown to occur in AD and other neurode-
generative diseases [81], the downregulation of Ras and 
calcium signaling pathways together with synaptic pro-
teins namely SYNGAP1, SYNPO, GRIN1, CAMPK2A, 
MAPT and STX12/A and modest RNA changes under-
scores the role of the post-translational protein degrada-
tion in the synaptic failure [82]. The observed decrease 
(NDUFA2/4/6) and increase (CHCHD3 and CYB5B) in 
oxidative phosphorylation proteins with partial tran-
scriptional adaptation confirms the established relation-
ship between mitochondrial dysfunction and Alzheimer’s 
disease progression [83]. The elevated levels of antioxi-
dant proteins PRDX6 and GSTM1 demonstrate stress 
response mechanisms that match findings from previ-
ous proteomic investigations [84]. The elevation of fatty 
acid oxidation proteins FABP3/5 supports the theory that 

lipid metabolic problems make neurons more susceptible 
to damage [85]. Network analysis revealed that ribosomal 
hubs and synaptic components and mitochondrial com-
plexes formed connected clusters through ATP5O and 
ATP5A1 which supports the theory that protein synthe-
sis dysregulation and energy failure and synaptic deterio-
ration work together to cause AD pathogenesis.

Protein synthesis is energetically demanding. In the 
Alzheimer’s disease brain, ribosome biogenesis repre-
sents a strategic investment of cellular energy rather than 
an indication of unrestricted anabolic growth. Disease 
pathology is characterized by elevated protein turnover 
driven by the accumulation of misfolded proteins, syn-
aptic damage, and chronic inflammatory signaling. As 
a result, immune mediators, stress-response proteins, 
and secreted factors must be continuously synthesized, 
while damaged or dysfunctional proteins require con-
stant replacement to preserve cellular viability. Under 
these conditions, cells prioritize energy allocation toward 
maintaining translational capacity, proteostasis, and 
stress-adaptive responses, even when mitochondrial 
metabolic efficiency is compromised. This redistribu-
tion of energetic resources supports short-term survival 
and functional resilience in a hostile pathological envi-
ronment, rather than long-term metabolic efficiency 
or growth, and provides a mechanistic rationale for 
increased ribosomal protein expression in the AD cortex 
(Figure S15).

Lipidomic profiling revealed a broad downregulation of 
bioactive lipid mediators, including dihydrosphingomy-
elin (DHSM 13:3, 12:1, 13:1), leukotriene E4, nitro fatty 
acids, hexosylceramide (HexCerd 14:1), and diacylglyc-
erol (DAG 27:6). Sphingolipid depletion has been linked 
to disrupted membrane microdomains and impaired 
synaptic vesicle fusion in AD [86], while reduced leu-
kotrienes and nitro fatty acids may indicate altered neu-
roinflammatory signaling and redox balance [87, 88]. In 
contrast, 5,6-dihydroxyeicosatrienoic acid (5,6-DHET) 
was elevated, potentially reflecting increased soluble 
epoxide hydrolase activity, which has been implicated 
in neuroinflammation and vascular dysfunction in AD 

(See figure on previous page.)
Fig. 8  Integrated multi-omics analysis reveals coordinated membrane and organelle stress responses in the Alzheimer’s disease (AD) cortex. a Heatmap 
showing differential lipid species expression across AD and control samples. b Volcano plot highlighting significantly upregulated and downregulated 
phospholipid species in AD compared with controls. c Network diagram illustrating interactions between phosphatidylethanolamine (PE) and phosphati-
dylserine (PS) species; edge thickness reflects the strength of disease-associated modulation (p < 0.05 to 0.001). d Bar graphs depicting mean total PS and 
PE levels in control and AD samples; PS is significantly reduced in AD (p < 0.01), while PE does not reach statistical significance. e Schematic of canonical 
phospholipid synthesis pathways involving key enzymes PTDSS1, PTDSS2, PEMT, and PSD, highlighting endoplasmic reticulum (ER)–mitochondria cross-
talk. f Bar plot showing log₂ fold changes in mRNA expression of genes associated with the pathways shown in (e). g Functional indices bubble heatmap 
summarizing lipidomic indices comparing AD and control samples; bubble size and color intensity represent statistical significance and magnitude of 
change, respectively. h Functional lipidomic network illustrating enriched clusters related to glycerophospholipid metabolism, broader metabolic path-
ways, and sphingolipid metabolism; edges indicate interaction evidence, and blue halos denote predicted gene overexpression. i Bar graph of differen-
tially expressed proteins (DEPs; log₂ fold change) associated with mitochondrial function, showing upregulation of inner membrane proteins (red) and 
downregulation of outer membrane proteins (green). j Gene expression profiles of selected glial marker genes. k Differentially expressed genes (log₂ fold 
change) for cardiolipin (CL) synthesis pathway. l Networks of biological processes, molecular functions, and cellular components involving sphingolipid 
and phospholipid metabolism genes; m Differential expression of genes associated with ER stress (log₂ fold change)
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models [89–91]. At the glycerophospholipid level, we 
observed upregulation of phosphatidylglycerol (PG) spe-
cies alongside downregulation of phosphatidylserine 
(PS), phosphatidylinositol (PI), and phosphatidylethanol-
amine (PE), consistent with previous reports of altered 
membrane lipid composition and impaired phospholipid 
metabolism in AD [92, 93].

Functional network analysis of lipidome further dem-
onstrates the lipid remodeling in AD cortex which is 
highly coordinated, with enrichment of glycerophos-
pholipid and sphingolipid metabolic modules [94]. This 
network level coordination likely adapts cell membranes 
metabolic rewiring under proteotoxic and mitochon-
drial stress [95]. Glycerophospholipids define membrane 
structure, curvature and organelle identity, their changes 
are linked to mitochondrial activity and endoplasmic 
reticulum function [96]. Meanwhile, shifts in sphingolip-
ids influence membrane microdomains while also sens-
ing cellular stress [97]. In AD, significant shifts in PS and 
PE are associated with ER stress, mitochondrial dysfunc-
tion, and modulation of specific proteins [98].

Conclusions
We performed a multiomics study combining transcrip-
tomics, proteomics, and lipidomics using the cortex 
region of the 5xFAD and control mice. Our integrated 
results from these studies suggest a coordinated disrup-
tion of the translational machinery, vesicular trafficking, 
lysosomal function, and membrane lipid composition in 
the AD cortex. The widespread ribosomal protein upreg-
ulation suggests an attempt to enhance translational 
capacity under proteostatic stress, yet selective deficits 
in key trafficking and degradation proteins, coupled with 
lipid remodeling, may undermine neuronal and glial 
capacity to maintain synaptic and metabolic homeosta-
sis. The concordance for ribosomal protein changes in 
RNA-seq and proteomics data, along with the RNA–
protein discordance for TNK2 and ATP6V1G1, and the 
lipid mediator shifts, underscores the necessity of multi-
omics approaches to fully capture the complexity of AD 
pathobiology. Future work will investigate the cell-type 
specificity of these alterations and determine whether the 
observed lipidomic changes drive or result from the pro-
teomic and transcriptomic reprogramming in AD.
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