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Bioinformatic characterization
and automated detection of
metabolically activated monocyte
subpopulations in dyslipidemia

Ricardo Ramirez-Torres?, Silvia Guadalupe Ramirez-Segovia?,
Ménica Jacqueline Gonzélez-Huerta?, Elena Berenice Martinez-Shio?,
Carlos David Escobedo-Uribe? & Adriana Elizabeth Monsivais-Urenda®"’

Dyslipidemia is associated with a low-grade inflammatory process modified by the immune response,
mainly monocytes and macrophages. Metabolically activated macrophages (characterized by the
expression of CD36, ABCA1 and PLIN2 receptors, and by exhibit trimethylation of the lysine 4 and 27
of the histone 3) have been implicated in obesity and dyslipidemia. However, it has not been reported
a population of circulating monocytes with the same phenotype. We hypothesized that continuous
exposure to low-density lipoproteins (LDL-c) induces epigenetic changes in monocytes, leading to their
polarization into metabolically activated macrophages. We investigated the phenotypic expression of
circulating monocyte and macrophage subsets in 23 individuals living with LDL-c dyslipidemia. Using
dimensionality reduction and clustering algorithms within a comprehensive analytical model, we
analyzed flow cytometry data to evaluate epigenetic changes, specifically H3K4me3 and H3K27me3,
in clustered subsets. This model allowed us to identify two statistically significant phenotypes of
metabolically activated monocytes that were more prevalent in dyslipidemia patients than in controls,
exhibiting distinct expression levels of trimethylation of the lysine 4 and 27 of the histone 3. This
approach allowed us to delineate different monocyte and macrophages associated to the metabolically
activated phenotype in dyslipidemia.
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Atherosclerosis is characterized by the aggregation of lipids and fibrous material within the arterial intima,
leading to plaque formation. Hypercholesterolemia, especially elevated levels of low-density lipoprotein
cholesterol (LDL-c) and its oxidized form, has been extensively studied and identified as a major causal factor
in atherosclerosis.

The pathogenesis of atherosclerosis is a complex and multifactorial process involving lipid accumulation,
endothelial dysfunction, and chronic inflammation'=. Monocytes and Macrophages play essential roles in
all stages of atherosclerosis, contributing to lipid uptake, inflammation, and plaque progression*®. It has been
proven that defective monocyte and macrophage function promotes the accumulation of apoptotic cells, which
in turn promotes atherosclerosis.

Traditionally, monocyte subsets have been identified by surface marker expression, including the
lipopolysaccharide (LPS) receptor CD14 and the Fc gamma receptor III (CD16)*¢7. It is well established
that classical monocytes with CD14 + + CD16 — phenotype, intermediate monocytes (CD14 + CD16+), and
nonclassical monocytes (CD14 + CD16++) possess distinct functional properties and contribute differentially
to the inflammatory processes in atherosclerotic lesions. For instance, classical monocytes are more prone to
differentiate into macrophages that populate atherosclerotic plaques, while intermediate monocytes produce
significant quantities of pro-inflammatory molecules. Nonclassical monocytes play a role in patrolling and
maintaining endothelial integrity>°. In addition, macrophages have been classified into two major phenotypes:

Immunology Department, Facultad de Medicina and Centro de Investigacién en Ciencias de la Salud y Biomedicina,
Universidad Auténoma de San Luis Potosi, San Luis Potosi, S.L.P, México. Internal Medicine Department,
Facultad de Medicina, Universidad Auténoma de San Luis Potosi, San Luis Potosi, S.L.P, México. *‘email:
aurenda@gmail.com; adriana.urenda@uaslp.mx

Scientific Reports | (2026) 16:6170 | https://doi.org/10.1038/s41598-026-36678-w nature portfolio


http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-026-36678-w&domain=pdf&date_stamp=2026-1-24

www.nature.com/scientificreports/

M1, which are pro-inflammatory and promote plaque growth, and M2, which are anti-inflammatory and
involved in tissue repair®S,

However, emerging evidence suggests a broader spectrum of monocyte and macrophage polarization states,
including metabolically activated monocytes (MoMe) and metabolically activated macrophages (MMe)°.

MMe overexpresses ATP-binding cassette transporter (ABCAL1), cluster of differentiation 36 (CD36), and
perilipin 2 (PLIN2), which are regulated by peroxisome proliferator-activated receptor gamma (PPARy) and
p62 protein. One important feature of MMe is the epigenetic mark characterized by increased trimethylation of
lysine 4 on histone 3 (H3K4me3), which is associated with the expression of inflammatory genes (tnf-a, il-6, il-18,
mcp-1, cd36, and sr-a), this epigenetic and metabolic reprogramming corresponds to a phenomenon known as
“trained immunity”” In this state, cells retain a “memory” of prior inflammatory stimuli, leading to an enhanced
inflammatory response upon re-exposure to similar stimuli. These metabolically active cells are believed to be
pivotal in chronic inflammation and in the progression of atherosclerosis!®~'%. Our group has reported one
population of monocytes with a metabolically activated profile and the ability to differentiate into MMe in
vitro!®. Dyslipidemia facilitates this differentiation; however, the metabolic, phenotypic, and epigenetic markers
characteristic of MMe in circulating monocytes have not been addressed. In this study, we aimed to identify
MoMe not only by surface receptor expression but also by epigenetic mark levels in subjects with dyslipidemia.
We hypothesized that continuous exposure to low-density lipoproteins (LDL-c) induces epigenetic changes in
monocytes, favoring their polarization into metabolically activated macrophages with atherogenic potential.
The use of advanced analysis, such as high-dimensional reduction algorithms and complex clustering analysis,
has enhanced the ability to identify cell subsets with greater precision, facilitating the discovery of previously
unknown phenotypes!'®-%.

In this study, we aimed to identify MoMe not only by surface receptor expression but also by epigenetic mark
levels in subjects with dyslipidemia.

Materials and methods

Samples

A total of 23 blood samples from patients with a clinical diagnosis of dyslipidemia were analyzed. Dyslipidemia
was defined in accordance with the 2022 Mexican Clinical Practice Guidelines for the Diagnosis and Treatment
of Dyslipidemia and Atherosclerotic Cardiovascular Disease?!. Inclusion criteria included total cholesterol >
200 mg/dL, triglycerides > 150 mg/dL, and low-density lipoprotein (LDL-c) cholesterol > 130 mg/dL, given the
elevated cardiovascular risk associated with high LDL-c levels. A control group of 17 healthy individuals with
normal lipid profiles (cholesterol < 200 mg/dL, triglycerides < 150 mg/dL, and LDL-c < 100 mg/dL) was included.
Clinical data, including age, sex, and relevant medical history (e.g., obesity, hypertension, diabetes mellitus,
familial hypercholesterolemia, polycystic ovary syndrome, and overweight), were collected using a standardized
clinical assessment tool developed by our laboratory. Lifestyle factors such as dietary habits, alcohol and tobacco
use, and physical activity were documented. Anthropometric measurements (weight, height, BMI, waist and
hip circumference, body fat percentage, visceral fat, muscle mass percentage, and metabolic age) were obtained
using bioelectrical impedance analysis. None of the participants was under pharmacological treatment at the
time of blood collection, and all were free from signs of infection. All patients showed secondary dyslipidemia.

Ethics

All procedures involving human participants adhered to the World Medical Association’s Declaration of
Helsinki. After explaining the project, all participants provided written informed consent, and blood samples
were collected. This work was approved by our local research and bioethical committee, Research Ethics
Committee of the Faculty of Dentistry UASLP-CONBIOETICA-24-CEI-001-20190213, under approval number
CEI-FE-014-019.

Cellisolation and culture

Peripheral blood mononuclear cells (PBMCs) were isolated from blood samples of individuals that live with
dyslipidemia patients and healthy controls using Ficoll-Paque density gradient centrifugation. Isolated PBMCs
were maintained in RPMI 1640 medium supplemented with 10% fetal bovine serum (FBS) until use. Cell
viability and counting were assessed using the trypan blue exclusion method with a Corning Automated Cell
Counter, following the manufacturer’s protocol. Only samples with a minimum cell viability of 95% were used
in subsequent experiments.

CD14 + monocytes were purified with MACS CD14 magnetic beads (Miltenyi Biotec) and cultured in 24-
well plates (Costar) at a density of 0.8 million cells per well in RPMI medium supplemented with 10% FBS, 10
nM glutamine, 100 pg/mL streptomycin, and 100 U/mL penicillin. Cell cultures were incubated for six days at
37 °C with 5% CO,. To induce differentiation into metabolically activated macrophages (MMe), monocytes were
incubated with 50 ng/mL M-CSF for six days, followed by stimulation with 15 mM glucose, 10 nM insulin, and
0.4 mM palmitate (Sigma-Aldrich) for an additional 24 h. After differentiation, cells were harvested using EDTA
and prepared for flow cytometric analysis.

Antibody panels

Antibodies used for flow cytometry included those targeting CD14, CD16, CD36, ABCA1, PLIN2, H3K4me3,
H3K9%ac, H3K27me3, CD80, CD11b, and CD206. These antibodies were purchased from BD Biosciences (San
Jose, CA), Novus Biologicals (Littleton, CO), BioLegend (San Diego, CA), Cell Signaling (San Diego, CA),
Invitrogen (San Diego, CA), and BD Pharmingen (San Diego, CA).
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Cell staining and flow cytometry acquisition

For flow cytometry analysis, PBMCs and monocyte-derived macrophages were prepared at concentrations
of 5x 1076 cells/mL and 1x1026 cells/mL, respectively. Cells were placed in 12x75 mm tubes for staining.
Extracellular antibodies from the designated panel (Supplementary Tables S1 and S2) were added for cell surface
staining, and cells were incubated in the dark for 1 h at 4 °C. Following incubation, cells were washed adding 1
mL of PBS and centrifuged at 1500 rpm for 5 min to prepare for intracellular staining.

For intracellular staining, cells were fixed by adding 100 pL of 1% formaldehyde on ice for 10 min, followed
by washing with PBS containing 2% FBS and centrifugation at 1500 rpm for 5 min. Cells were permeabilized
using 200 pL of 0.1% Triton X-100 in PBS buffer for 10 min at 4 °C, washed with PBS containing 2% FBS, and
centrifuged at 1500 rpm for 5 min.

Intracellular and intranuclear staining was performed according to the specifications of the intracellular/
intranuclear antibody panel. Cells were incubated with conjugated antibodies for 1 h at 4 °C, washed with 1 mL
of PBS containing 2% FBS, centrifuged for 5 min at 1500 rpm, and resuspended in 1 mL of PBS for immediate
flow cytometry analysis.

Flow cytometry samples were acquired within three hours of staining using a FACS Canto II cytometer (BD
Biosciences, San Jose, CA) at a flow rate of 60 uL/min, and FCS files were exported in version 3.1 format. Flow
cytometry data analysis was conducted in FlowJo version 10.10, supplemented with plugins and R packages
(4.1.1) from Bioconductor (3.20)%*"2,

Enhanced bioinformatic workflow for flow cytometry data analysis
To enhance the clarity and precision of our cellular analysis, particularly for identifying metabolically activated
monocyte subpopulations, we employed a comprehensive bioinformatic workflow. This approach integrates
advanced computational methods with traditional flow cytometry, minimizing subjective variability and
enabling a deeper understanding of complex cellular phenotypes. Our methodology addresses the limitations
of manual gating, especially when dealing with high-dimensional datasets and numerous fluorochromes, by
automating key analytical steps.

Workflow Overview (Fig. 1):

The analytical pipeline was structured into three primary steps: data pre-processing, dimensionality
reduction, and semi-supervised clustering. This systematic approach.

ensures robust data quality and facilitates the identification of distinct cell populations that might otherwise
remain undetected.

1. Data Pre-processing and Quality Control: Initial Quality Filtering: Raw FCS (Flow Cytometry Standard)
files underwent initial quality control using the flowAI R package. This tool effectively detects anomalies
in flow rate, signal acquisition, and dynamic range, ensuring that only high-quality data proceeds to fur-
ther analysis by removing anomalous patterns and peaks.

2. Automatic Compensation: To correct for spectral overlap between fluorochromes, fluorescence compen-
sation was performed using the Auto-spill algorithm within FlowJo software??~2. The automated process

Raw Flow Cytometry Data Acquisition
(FCS Files: Fluorescence Parameters, FSC, SSC)

i

Data Pre-processing & Quality Control
- flowAl
- Autospill Manual Gating & Compensation
- Downsampling 2D Plots, Visual Inspection
- Concatenation Output: Gated Populations
- PeacoQC
Output: High-Quality Data

Dimensionality Reduction (t-SNE) Limited Subpopulation Resolution

Input: Fluorescence Markers STy
Output: 2D Map (t-SNE Plot) Pre-defined Markers, Operator Variability

Semi-Supervised Clustering \
- X-shift Conventional Workflow Output:
- FlowSOM Broad cell populations with qualitative characterization.
- Cluster Explorer Limited resolution for subtle phenotypic differences.
Output: Cell Subpopulations (Metaclusters)

Advanced Workflow Output:
Unbiased identification of metabolic monocyte subtypes,
epigenetic profiling, and high-resolution phenotyping.

Fig. 1. Comparative Workflow of Conventional vs. Bioinformatic Analysis of High-Dimensional Flow
Cytometry Data in Dyslipidemia.
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accurately identifies positive populations and generates a compensation matrix, which is then applied to
all samples, reducing autofluorescence by using unstained controls.

3. Data Normalization and Concatenation: To standardize event numbers, FCS files were downsampled to
25,000 events per sample. These downsampled events were then concatenated into a single, comprehen-
sive FCS file containing 1 x 106 events, with added keywords to maintain sample origin identification. The
concatenated data underwent additional refinement using the PeacoQC algorithm, applying specific gain
and mean absolute deviation (MAD) limits, to ensure only high-quality events were used for subsequent
analyses.

4. Dimensionality Reduction (t-SNE Implementation): We applied t-Distributed Stochastic Neighbor Em-
bedding (t-SNE) to visualize high-dimensional flow cytometry data, representing the multiple measured
parameters/markers for each cell, in a more manageable, two-dimensional space. This technique is cru-
cial for discerning complex relationships and structures within the data that are not readily apparent in
traditional biaxial plots. Dimensionality reduction simplifies complex datasets by reducing the number
of variables while preserving essential information, thereby making patterns easier to visualize. t-SNE
analysis was performed using only fluorescence parameters from the processed FCS file, excluding for-
ward and side scatter (FSC and SSC) data to focus purely on marker expression. Six markers for monocyte
subsets and seven for macrophage subsets, including epigenetic expression markers (H3K4me3, H3K%ac,
H3K27me3), were incorporated.

5. Optimization: The t-SNE algorithm was subjected to a rigorous optimization process. Its key parameters—
iterations, perplexity, and learning rate—were systematically varied, often guided by Fibonacci numbers.
This approach enabled the identification of subtle yet perceptible variations in parameter space, allowing a
more thorough exploration than conventional predetermined settings. The aim was to achieve ideal con-
figurations for each t-SNE map that optimally preserved data structure and facilitated refined clustering.
Perplexity, a critical parameter that measures effective neighborhood size, was specifically tuned to ensure
a balanced representation of both local and global data characteristics in the visualization.

6. Semi-Supervised Clustering (X-shift, FlowSOM, and Cluster Explorer): To objectively delineate specific cell
populations and evaluate their concordance with manually gated populations, multiple clustering algo-
rithms were employed.

The X-shift algorithm was initially applied, with K values (nearest neighbors) systematically varied to identify
phenotypic relationships and estimate the optimal number of clusters in the dataset. These clusters were mapped
onto t-SNE plots for visual validation.

Building upon the cluster counts determined by X-shift, the FlowSOM algorithm was used for further
refinement. This plugin-based implementation in FlowJo?*2* enabled the creation of a self-organizing map
(SOM) grid that consolidates initial clusters into a final set of metaclusters based on identified phenotypic
patterns. Only fluorescence parameters relevant to monocyte-macrophage relationships were used, maintaining
data integrity by keeping values unscaled.

After the FlowSOM analysis, the Cluster Explorer plugin facilitated interactive visualization of population
frequencies and marker profiles. Bar charts and heatmaps were generated to illustrate cluster percentages and
marker-intensity distributions, respectively, thereby enhancing clarity of phenotypic differentiation across the
identified populations.

Statistical analysis

Final figures derived from FlowJo software and were exported as BMP or PNG files and minimally edited
in a raster graphics editor to maintain graphic integrity. Statistical analyses were performed using GraphPad
Prism (v.10). P-values were derived by unpaired Student’s t-tests. Differences were considered statistically
significant when p < 0.05, and results were expressed as mean and standard deviation (SD) unless otherwise
specified.

R22—24

Results

Circulating levels of classical monocytes are increased in dyslipidemia

We analyzed different cell clusters based on specific receptor expression and the presence of two main epigenetic
marks in circulating monocytes from young adults living with dyslipidemia compared to healthy controls.
Demographic and clinical data are summarized in Table 1. One important issue we sought to address was the
metabolic profile of the subjects in this study; thus, we decided to include young people without prior knowledge
of their serum lipid levels, who were not under any treatment and had no other comorbidities. Initially, we
compared the metabolic phenotype of MoMe based on the expression of previously described surface markers. To
eliminate subjectivity in operator-defined gating thresholds, given the complexity of the datasets, we developed
a comprehensive analytical workflow that integrates bioinformatics tools with flow cytometry, facilitating
thorough phenotypic analysis of circulating monocytes and monocyte-derived macrophages.

Traditional monocyte subsets were defined by CD14 and CD16 expression in high-quality FCS files using
conventional gating strategies. This enabled a comparative analysis of traditional monocyte subsets with lipid-
processing markers (ABCA1, PLIN2, CD36) to explore potential distribution patterns within these classifications.
We classified monocytes into the classical (CD14 ++ CD16-), intermediate (CD14 + + CD16+), and nonclassical
(CD14 +CD16++) subsets (Fig. 2A).

Comparison of monocyte subsets revealed a statistically significant increase in the percentage of classical
monocytes in individuals that live with dyslipidemia compared to controls (mean+SD: 1.77+0.33% in
dyslipidemia versus 0.14 +0.07% in controls, P <0.02 (Fig. 2B-D). To further delineate monocyte subsets, MoMe
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Parameter Dyslipidemia | Control p value
N 23 17 -
Age (mean +SD) 23+5 21+4 -
Sex (%) M:65 F:35 M:33F47 |-

Body composition (mean + SD) 28.67 +4.79 22454255 | %

BMI *
Body Fat Percentage 38.67+8.82 27.09+4.12

30484517 |27.69+4.84 |ns
Muscle mass percentage 9.94+2.63 47654243 |
Visceral Fat Percentage 103.80+11.11 | 93.56+4.70 | ***
Hip circumference 94.13+10.48 | 82.38+£10.56 | **
Waist circumference oo e

Family Health History (% of total):

Overweight 73.91% 64.70%
Oboaite & 56.52% 47.05%

besity 52.17% 41.17%
High Blood Pressure -

. . 65.21% 52.94%
Diabetes Mellitus

o . 21.73% 11.76%
Familial Hypercholesterolemia
. 8.69% 5.88%

Polycystic Ovary Syndrome
Total Cholesterol (mean + SD) 222+14 164+19 **
Triglycerides (mean +SD) 192+88 89+34 ek
Low-density lipoprotein cholesterol (mean+SD) | 148+13 93+27 ot
High-density lipoprotein cholesterol (mean+SD) | 44+10 58+5 b

Table 1. Clinical and demographic parameters of dyslipidemia and control subjects. M: male, F: female. P
values= *p <0.05, **p < 0.01, **p <0.001, ***p <0.0001. ns =no statistically significant.

lipid-processing markers ABCA1, PLIN2, and CD36 were included, based on prior research by our group.
These markers were assessed within traditional monocyte categories by overlaying PLIN2, CD36, and ABCA1
positivity onto a CD14/CD16 biaxial dot plot (Fig. 2E-G). This analysis revealed that lipid-processing markers
were distributed across all traditional monocyte subsets.

Specific metabolically activated monocyte subpopulations were identified by a novel
bioinformatic approach

To refine monocyte subpopulation identification, an unsupervised, nonlinear dimensionality reduction
algorithm (t-SNE) was used alongside clustering algorithms. This approach aimed to minimize subjective human
intervention, such as manual gating and population categorization. Optimal values for perplexity, learning rate,
and iteration were established. Iterations and learning rate were based on Fibonacci values (S1 fig).

We developed an optimized clustering scheme focused on CD14-positive events, which serve as a primary
marker for monocyte identification. Initially, CD14-positive events were selected from the total dataset to
establish the clustering foundation. CD14 positivity was assessed using the Stain Index equation (S2 fig A),
and CD14-positive values were subsequently subjected to dimensionality reduction to organize these events
within the t-SNE space. This approach effectively excluded CD14-negative events, centering the analysis on the
relevant cell populations defined by our antibody panel. The dimensional reduction was refined by selecting
specific parameter values from the original 8 x 8 scheme and implementing a new 4 x 2 t-SNE grid, configured
with an iteration value of 1597 and perplexity levels of 89 and 144. Learning rates were systematically set at 13,
21, 34, and 55% to facilitate robust visualization (S2 fig B). This configuration enabled focused clustering of
CD14-positive events, thereby enhancing the precision of cell subset delineation. Using Cluster Explorer, we
generated heatmaps of expression levels across various fluorescence markers and overlaid them on t-SNE maps
to visualize marker distribution patterns. Figure S2C presents the t-SNE heatmaps generated with a perplexity of
89, illustrating marker expression versus the optimized learning rates. Similarly, Figure S2D displays analogous
heatmaps for t-SNE maps obtained with a perplexity of 144, further exploring antibody staining and fluorescence
marker positivity and their impact on t-SNE clustering within CD14-positive events. Comparative analysis of
t-SNE maps at different perplexity levels (144 and 89) revealed distinct spatial separations within the t-SNE
islands, particularly for markers CD14, ABCA1, and PLIN2. Each of these markers demonstrated clear, well-
separated “islands” in the heatmaps, indicating distinct expression clusters.

Notably, while the heatmap for CD14 may show blue coloration, this does not imply negative CD14
expression. The Cluster Explorer tool transforms fluorescence levels into an intensified color gradient to more
precisely delineate differences in expression levels. In the case of CD14, blue shades indicate lower, yet positive,
expression, with increasing intensity corresponding to higher expression levels. Although these findings lack
formal statistical significance, the visual separations and distinct clustering roles of CD14 and ABCA1 within
this analysis are noteworthy. The observed expression patterns suggest a unique role for these markers in cellular
clustering, warranting further examination in subsequent analyses (S3 fig).

Patterns of CD16, PLIN2, CD36, ABCA-1, and CD14 expression define four different
populations of Circulating monocytes

For automatic subpopulation identification, the X-shift and FlowSOM clustering algorithms were sequentially
implemented. We used X-shift to identify preliminary cluster numbers before applying FlowSOM for more
stable and precise metaclustering.
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Fig. 2. Characterization of Monocyte Subsets and Lipid Metabolism Markers in Healthy and Individuals that
live with dyslipidemia. (A) Representative dot plots illustrating the traditional gating strategy for CD14 and
CD16 to identify classical, intermediate, and non-classical monocytes. Labels differentiate individuals that live
with dyslipidemia (n=23) from healthy controls (n=17). (B-D) Comparison of the distributions of monocyte
subsets between individuals that live with dyslipidemia and healthy groups. (E-G) Analysis of lipid-related
markers—ABCALI, PLIN2, and CD36—across monocyte subsets, with marker expression overlaid on CD14/
CD16 dot plots to visualize lipid-processing activity within these subsets. Bar graphs display mean + SD.
p-values indicating significance at *p <0.05.

Arbitrary parameter selection can introduce potential inconsistencies in clustering and lead to computational
inefficiencies. Nevertheless, since X-shift was not intended for final cluster refinement in our study, we utilized it
to estimate the minimum number of clusters based on our selected learning rate parameters.

The subsampling limit was set to 13% of CD14-positive events rather than the total number of events in the
FCS file. For the nearest neighbors (K) value, we retained the default setting to conduct effective, unsupervised
cluster identification, while Euclidean distance was selected as the metric to ensure alignment with t-SNE’s
similarity basis.

The results of X-shift clustering revealed seven distinct clusters, with one comprising 50.4% of the analyzed
events, followed by clusters containing 19.8%, 13.3%, and 7.79% of the events, respectively. Smaller clusters
accounted for between 1.49% and 3.72% of the total events. Using the Cluster Explorer tool, we generated graphs
of relative expression levels, revealing phenotypic patterns characteristic of each identified cluster (S4 fig). This
unsupervised clustering facilitated the initial identification of phenotypic patterns within the clusters, which
were visualized on t-SNE maps (perplexity of 144 and learning rates of 13%, 21%, 34%, and 55%). The cluster-
specific heatmap table provided further differentiation by illustrating tonal variations according to maximum
fluorescence intensity scales, with relative expression levels indicating phenotypic distinctions among clusters.
For instance, clusters 5 and 7 shared notable similarities in their expression patterns. This pattern similarity
prompted further analysis to determine whether these phenotypic distinctions were statistically significant and
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whether merging similar clusters would enhance data clarity. After applying X-shift clustering, FlowSOM was
used to validate cluster stability.

We obtained four main FlowSOM metaclusters, which collectively comprise 98% of CD14 +events,
specifically: 62.7% for Metacluster 1, 24% for Metacluster 5, 6.89% for Metacluster 4, and 4.71% for Metacluster
2, while remaining clusters each represented less than 1% of total events (Fig. 3A-B). Figure 3C presents a
transformed relative expression level graph illustrating the phenotypic and epigenetic patterns of the four main
metaclusters.

We assessed expression levels across the four metaclusters using FlowJos Spectral Population Viewer
to elucidate phenotypic distinctions. Comparisons were made between these levels and traditional monocyte
subpopulations. In our two primary metaclusters (1 and 5), we observed comparable expression levels of CD16,
PLIN2, and CD36. However, significant differences were observed in CD14 and ABCAL1 expression (Fig. 3D).

The metaclusters were defined as follows (Fig. 3E): Metacluster 1: CD1418" (100%), CD16"* (99.4%),
ABCAT1P (71.9%), PLIN2P (91.5%), and CD36P° (71.9%); Metacluster 2: CD14High (100%), CD16N¢8 (80.2%),
ABCA1"* (99.8%), PLIN2V" (61.4%), and CD36"*" (61.1%); Metacluster 4: CD14" (97.2%), CD16™¢8 (94.1%),
ABCA1NE (72.3%), PLIN2P (66.6%), and CD36N¢8 (89.1%); Metacluster 5: CD 141V (95.8%), CD16P° (99.7%),
ABCA1e (83.79%), PLIN2P% (90.9%), and CD36"% (57.8%).

With the identification of the four principal metaclusters, we conducted a comparative analysis with
traditional monocyte populations identified through manual gating. Figure 3F illustrates this comparison
using biaxial dot plots (CD14 on the x-axis and CD16 on the y-axis), showing overlays of our metaclusters and
conventionally gated monocyte populations in t-SNE space.

Traditional monocyte subsets were not redefined phenotypically, retaining their classical, intermediate, and
non-classical monocyte classifications through CD14 and CD16 gating. However, lipid-processing markers
showed variability between the 25th and 75th percentiles, indicating a broader range within traditional subsets
than the more consistent metacluster percentiles (Fig. 3G- J). Metacluster 1 (CD14"i8h/CD16"5/ABCA1™%/
PLIN2P*/CD36Y*) may correspond to the intermediate monocytes, Metacluster 4 (CD14X"/CD16N¢g/
ABCA1N/PLIN2"°/CD36N¢8) corresponds to classical monocytes; Metacluster 5 (CD14%%/CD16"%/
ABCA1N/PLIN2P°/CD36") could represent non-classical monocytes, while Metacluster 2 corresponds to
MoMe (CD14g"/CD16N8/ ABCA17°S/PLIN2V*/CD36 V).

22-24

Dyslipidemia individuals show higher levels of CD1419"/CD16N9/ABCA1P°s/PLIN2V2"/CD36V>"
and CD14°%/CD16N®9JABCA1N®9/PLIN2P°s/CD36N%d Circulating monocytes compared to
control group

Following the identification and characterization of monocyte metaclusters, we analyzed their distributions
across dyslipidemia and control samples to identify group-specific patterns. Using preprocessed keywords dot
plots, dyslipidemia and control samples were selected and visualized through t-SNE density maps (Fig. 4A).
Notably, dyslipidemia samples displayed elevated event densities within metaclusters 2 and 4, defined as
CD14"¢h/CD16N/ABCA1™$/PLIN2Y*/CD36"  and ~ CD14"/CD16"8/ABCA1N/PLIN2"*/CD36™¢s,
respectively, characterized by distinct marker expression profiles. These findings suggest a potential relevance of
these clusters in the context of dyslipidemia, particularly in pathways related to lipid processing and monocyte
activation.

To further validate these findings, we generated bar graphs comparing the mean CD14 + monocyte counts and
metacluster percentages between dyslipidemia and control samples. Our analysis revealed statistically significant
differences, particularly within the Metacluster 2 (CD14High/CD16Neg/ABCA1Pos/PLIN2Var/CD36Var),
where dyslipidemia samples showed higher proportions (3.05+0.32% vs. 0.70+0.24%, P=0.0149). Similarly,
Metacluster 4 (CD14Low/CD16Neg/ABCA1Neg/PLIN2Pos/CD36Neg) was more prevalent in dyslipidemia
individuals than in controls (4.57 £0.29% vs. 0.77 +0.18%, P=0.0042) (Fig. 4B-C). Furthermore, we calculated the
relative proportions of each metacluster within the total CD14 + monocyte population (Fig. 4D). In dyslipidemia
samples, each metacluster showed a significant increase in percentage compared with controls, suggesting a
higher overall prevalence of metabolically activated monocytes in subjects that live with dyslipidemia. These
results indicate that this condition may drive specific alterations in monocyte subpopulations, contributing to
the pathophysiology of metabolic syndrome and atherosclerosis by increasing the prevalence of non-classic pro-
inflammatory and lipid-associated macrophage phenotypes.

Metabolically activated monocytes, MoMe (CD149"/CD16N°9/ABCA1P°S/PLIN2V2"/CD36V"),
from dyslipidemia individuals display higher levels of H3K4me3

To explore potential epigenetic differences between dyslipidemia and healthy samples, we incorporated
H3K4me3 and H3K27me3 markers into our analysis. Figure 5A displays t-SNE maps showing the heatmap
of expression levels for these epigenetic markers across the two groups. Each metacluster was analyzed with
descriptive statistics (Geometric Mean and Robust SD) for fluorescence intensity, reflecting the distribution
and relative abundance of H3K4me3 and H3K27me3. This analysis accounted for the fluorescence intensity and
the number of cells represented within each metacluster, providing a detailed perspective on epigenetic marker
variability between dyslipidemia and control samples.

These findings disclose statistically significant differences in the expression of H3K4me3 and H3K27me3
across metaclusters (Fig. 5B-E), with notable variability between the two groups. Specifically, within Metaclusters
2 and 4, dyslipidemia samples exhibited significantly higher levels of H3K4me3 than controls, whereas in other
metaclusters, both H3K4me3 and H3K27me3 levels were generally elevated in control samples relative to
samples from individuals that live with dyslipidemia. This pattern indicates that the physiological condition
of individuals that live with dyslipidemia may distinctly modify the epigenetic landscape of specific monocyte
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Fig. 4. Comparison of Metacluster Distribution Between Dyslipidemia and Healthy Controls. (A) The
t-SNE-generated dot plots, derived from the sample selection plots, illustrate the density variations between
dyslipidemia and healthy samples. Individuals that live with dyslipidemia exhibit a higher density of events

in the southern region of the t-SNE plot compared to healthy subjects. (B) The application of clustering
algorithms to t-SNE maps for dyslipidemia and healthy individuals reveals distinct clustering of monocyte
subsets and the phenotypes associated with each identified metacluster. (C) Bar graphs display the percentage
of each identified metacluster (1, 2, 4, and 5) within the total monocyte population for healthy and subjects
living with dyslipidemia. D) Bar graphs illustrate the percentages of events for each metacluster within

the CD14 + monocyte population, showing statistically significant differences across all metaclusters when
comparing the percentages between dyslipidemia and healthy samples. Data are presented as mean + SD.
p-values indicating significance at *p <0.05, **p <0.01.
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Fig. 5. Epigenetic Marker Analysis in Dyslipidemia. (A) t-SNE maps illustrate the heatmap of epigenetic
marker expression levels (H3K4me3 and H3K27me3) across samples from individuals that live with
dyslipidemia and healthy controls, with fluorescence intensity statistics provided for each marker. (B-E)
Statistical comparisons of H3K4me3 and H3K27me3 across metaclusters reveal significant differences between
the healthy group and the group of individuals that live with dyslipidemia. Data are presented as mean + SD.
p-values indicating significance at *p <0.05, **p < 0.01, ***p <0.001, ****p <0.0001.

Scientific Reports|  (2026) 16:6170

| https://doi.org/10.1038/s41598-026-36678-w

nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

A)

CD11bAF700 |

Markers

CD80BV510 | CD14 FITC

&%
56 7N g

P 2 g §
. 1 " 0:: ’%

H
Fiowsom] §
"
'

Total Events (100%)

CD14 Positives and Cl

b Positives.
(7.76% of total events, no merged)

W .,
NgZ

1

€ Markers CD11b AF700 | CD80 BV510 coiarme |
o [
& o
a
#F |
V ¥ i
I .l I =
. kil oM
Markers ABCA1 PE[ D36 PerCP | I C080% CO11b™ CD14™S PLIN2™ ABCAT™S CD36™
D)
- % Wetacluster 1 Metacluster 3
X P, wons
BN Z X 5000 15000
= T z LI
3 £ o H
* £ £ 1000
s o0 H
o -2 ! B H g s
' 3 07 HaKames o HiKames HiKgac
Markers H3Kame3 AF647| H3K9ac AF647 | | - Healny =ty
i : & Dysipidomis = Dysipdoma
o Metacluster 2 Metacluster 4
A pos e hod
2000- 2500- ===
z - 2z T
H : £ 1500 Eime
£ £
% £ 10
o o ; 2 1000 H
> = A . = $ $ 1000-
= | | § w § o -
i L] w o 4 B
s “ : s 55 - HiKame3 HiKsac H3Kame3 HIK9ac
- Hoatny - Hoatty
= Dysipdona = Oysipdomia

Fig. 6. Phenotypic and Epigenetic Profiles of Monocyte-Derived Macrophages. (A) t-SNE maps of total events
illustrate the expression of all markers. (B) Selection process for CD14-positive and/or CD11b-positive cells
(7.76% of total events) followed by a secondary t-SNE analysis, revealing metacluster populations, along with
a heatmap and a transformed expression graph for fluorochrome levels across metaclusters. (C) t-SNE maps
of CD11bPos and/or CD14Pos macrophages. (D) Unpaired t-test results for epigenetic comparison across
metaclusters indicate significant differences between individuals that live with dyslipidemia and healthy
samples. Data are reported as Geometric Mean + Robust SD. p-values indicating significance at *p <0.05,
*p<0.01, **p<0.001, ***p<0.0001.

subsets, potentially contributing to the inflammatory milieu associated with dyslipidemia and the development
of atherosclerotic lesions.

Monocyte-derived metabolically activated macrophages show distinctive epigenetic profiles
in dyslipidemia compared to healthy subjects

To further analyze the polarization potential of circulating monocytes, the phenotype of monocyte-derived
macrophages exposed in a metabolic syndrome-like environment was analyzed. Cultured macrophages were
stained for flow cytometry, and t-SNE maps generated across all harvested cells (Fig. 6A) depict the heatmaps
of marker expression profiles. The t-SNE visualization indicates a semi-homogeneous distribution of cells, with
a prominent group forming a peninsula-like region enriched for CD11b, CD80, and CD14, as well as lipid-
processing markers CD36, ABCA1, and PLIN2. Cells expressing CD14 and CD11b were further subjected
to secondary dimensional reduction, allowing us to explore phenotypic divergence within these populations.
Using x-shift followed by FlowSOM, we identified four phenotypically distinct metaclusters: Metacluster
1: CD80M8 (81.6%), CD11bN8 (71.1%), CD14 (96.7%), PLIN2¢ (90.5%), ABCA1N¢ (78.2%), CD36"™"
(59.7%). Metacluster 2: CD80P® (100%), CD11bNe8 (75.8%), CD14P% (93.1%), PLIN2P* (98.8%), ABCA1Var
(61.2%), CD36% (71.2%). Metacluster 3: CD80N (93.6%), CD11bFs (99.3%), CD14N¢8 (95.3%), PLIN2Nes
(97.7%), ABCA1N¢8 (98.6%), CD36™¢8 (71.3%). Metacluster 4: CD80F* (100%), CD11b™* (100%), CD14Neg
(97.8%), PLIN2F* (86.4%), ABCA1N® (98.8%), CD36™ (99.8%). Metacluster 3, representing CD11b™
macrophages, comprised the majority (60.3%) of observed events, followed by Metacluster 1 (37.8%), which
displayed high CD14 expression and variable CD36, while Metaclusters 2 and 4 were less prevalent (0.71% and
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1.34%, respectively). Notably, Metacluster 4 exhibited characteristics of the pro-inflammatory M1 macrophage
phenotype (CD80%, CD11b*%) and metabolic markers PLIN2, CD36 (Fig. 6B). Heatmaps in Fig. 6C illustrate
the distribution of CD11b"°® and/or CD14 cells across the t-SNE landscape, showing distinct localization of
both markers. Another notable finding is the extensive expression and spatial distribution of the lipid-processing
marker ABCA1, a cell-membrane protein with broad distribution, albeit highly expressed in macrophages.
Regarding histone modifications, we observed a higher prevalence of H3K9ac and H3K4me3 in control cells
than in dyslipidemia cells. H3K9ac exhibited statistically significant differences in Metaclusters 1, 2, and 4 with
lower levels in dyslipidemia samples compared to controls; however, no significant difference was observed in
Metacluster 3. For H3K4me3, expression levels were significantly higher in controls across Metaclusters 1, 2,
and 3, while no statistically significant difference was found in Metacluster 4 (Fig. 6D). Although descriptive,
these findings underscore the importance of epigenetic modifications in dyslipidemia. Future studies should
include larger cell populations and an expanded cytometry panel, including additional markers such as CD206,
to accurately delineate macrophage subpopulations.

Discussion
High-dimensional cytometry in single-cell analysis requires robust clustering methods to accurately capture the
complexity of diverse cellular populations, particularly within immune cells?.

Traditional gating methods, while valuable for lower-dimensional analyses, are limited when applied to high-
dimensional datasets, as they struggle to simultaneously visualize multiple markers and capture subtle variations
within phenotypically similar cell populations!®-2%. This study demonstrates that integrating unsupervised and
semi-supervised clustering with dimensionality reduction techniques is critical for revealing intricate patterns
within monocyte subpopulations that would otherwise remain undetected. Such an approach not only enhances
our understanding of cellular heterogeneity but also provides insights into the specific functional roles these
subtypes may play in the pathology of dyslipidemia.

To our knowledge, this study represents the first report of circulating MoMe exhibiting a distinctive phenotype
that distinguishes them from the three previously reported monocyte populations (classical, intermediate, and
non-classical). All four monocyte subpopulations identified displayed variable expression of lipid-processing
markers, such as ABCA1 and PLIN2, implicated in the regulation of monocyte inflammatory responses. However,
our bioinformatic analysis revealed four distinct monocyte subpopulations, not only by marker positivity but
also by receptor expression intensity. Metacluster 1 (CD14M8/CD16"°/ABCA17°/PLIN2P°%/CD36"*") may
correspond to the intermediate monocytes; Metacluster 4 (CD14M°%/CD16N8/ ABCA1N8/PLIN2%°5/CD36M¢8)
corresponds to classical monocytes; Metacluster 5 (CD14L°"/CD16%°5/ ABCA1N¢/PLIN2P°/CD36Y%) could
represent non-classical monocytes, while Metacluster 2 corresponds to MoMe (CD141igh/CD16N8/ ABCA17/
PLIN2V*/CD36"%). Traditional gating would likely overlook these subpopulations, underscoring the value of
advanced clustering for enhancing biological understanding in inflammatory diseases.

Moreover, our exploration of epigenetic markers, specifically H3K4me3 and H3K27me3, in healthy subjects
and individuals living with dyslipidemia offers preliminary insights into the potential role of histone modifications
in monocyte heterogeneity. These modifications are linked to trained immunity. Inmunological training is linked
to epigenetic reprogramming of cells, including histone acetylation and methylation at gene promoters. This
innate immune memory can be induced by infectious or non-infectious agents, such as endogenous molecules,
including oxidized LDL-cor environmental pollutants. In this regard, we found that MoMe from subjects that
live with dyslipidemia displayed elevated levels of H3K4me3, a mark associated with increased expression of
typically inflammatory genes, whereas in control subjects, as expected, this mark was predominantly observed
in the expected pro-inflammatory populations (classical and intermediate monocytes). This specific epigenetic
modification in MoMe from individuals that live with dyslipidemia aligns with the hypothesis that exposure to
elevated levels of serum lipids (ox-LDL-c or others) can induce epigenetic modifications and immune training
in specific macrophage populations*-*2,

Our findings concerning monocyte-derived MMe are significant, albeit challenging to fully explain. Nearly
all differentiated macrophage populations from control subjects exhibited increased H3K4me3 and H3K9ac,
suggesting higher transcriptional activity of several potentially pro-inflammatory genes. This observation was
contrary to our initial hypothesis, which predicted that trained monocytes from individuals that live with
dyslipidemia would maintain their epigenetic marks when differentiated into macrophages. We cannot discard
the possibility that in vitro differentiation under highly controlled metabolic stimuli may account for our
findings. However, it would be relevant to elucidate whether the observed decrease in H3K9ac in MMe from
individuals that live with dyslipidemia could translate into a functional defect beyond cytokine production, such
as impaired phagocytic capacity, or, conversely, represent a compensatory response.

Most differentiated macrophage subpopulations from controls showed high levels of H3K4m3 and H3K9ac.
In this regard, it has been reported that not only M1 but also M2 macrophages rely on histone methylation and
acetylation processes to execute their reparative functions®.

It is important to note that our study aimed to evaluate the effect of dyslipidemia on monocyte immune
training in the absence of other metabolic abnormalities. Therefore, we included young people who had not
received a previous diagnosis of dyslipidemia and were not under any statin or lipid-lowering drugs. However,
we cannot dismiss the fact that our control group had a family history of hypercholesterolemia, and the subjects
included in the dyslipidemia group exhibited mild disease. Another limitation in our work was the small sample
size. It isimportant to consider that these findings may represent only a stage in the process, as part of a continuum
illustrating the natural progression of atherogenesis. It is necessary to evaluate cytokine and functional activity of
the described populations to fully comprehend the physiological implications of our findings.

In summary, this study demonstrates that combining and optimizing clustering algorithms offers a robust
tool for unraveling cellular heterogeneity within complex immune cell populations. This approach facilitates
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the discovery of cell subtypes, specifically the CD14!igh/CD16Ne8/ ABCA17°/PLIN2V*/CD36"* MoMe and
underscores the immune training of circulating monocytes fromindividuals that live with dyslipidemia.

By enhancing our ability to identify and characterize disease-relevant cell subsets, advanced clustering
methodologies hold promise for advancing diagnostics, prognostics, and therapeutics in dyslipidemia and other
chronic inflammatory diseases. This work lays a foundation for ongoing refinement in single-cell analytics, with
the goal of leveraging cellular diversity for clinical insights and therapeutic innovations.

An important strength of this study is the bioinformatic approach applied. The implementation of Fibonacci-
derived parameters enhanced cluster specificity by focusing on key markers, such as CD14, which plays a
significant role in monocyte classification. This approach reduced noise and facilitated the resolution of unique
phenotypic patterns in markers relevant to dyslipidemia, such as ABCA1 and PLIN2.

Data availability
The datasets used and/or analyzed during the current study available from the corresponding author on reason-
able request.
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