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Abstract

Modulation of the gut microbiota represents a promising approach to counteract diet-
induced metabolic alterations, with microalgae emerging as potential interventions. Build-
ing on our previous in vivo evidence that dietary supplementation with the marine mi-
croalga Tisochrysis lutea F&M-M36 (T. lutea) positively modulates selected metabolic alter-
ations under high-fat feeding, the present study aimed to identify potential associations
between these metabolic changes and coordinated modifications of the gut microbiota.
Animals were fed normal-fat (NF), high-fat (HF), or HF supplemented with 5% T. lutea
(HFTiso) diets for three months. Gut microbial profiles were analyzed by 16S rRNA sequenc-
ing and correlated with plasma lipids, glucose, blood pressure, fecal lipid excretion, and
adiponectin levels. T. lutea supplementation was associated with significant modulation
of selected metabolic parameters and coherent alterations in gut microbial communities.
Multivariate analyses revealed treatment-dependent clustering of metabolic profiles, with
HFTiso forming an intermediate group between HF and NF diets. Beta-diversity analyses
showed marked treatment-specific shifts, while alpha-diversity remained stable. Linear
discriminant analysis identified 31 discriminative genera, with the HFTiso group enriched
in taxa associated with fermentative metabolism and lipid-related metabolic pathways
including Anaerotruncus, Marvinbryantia, and Eubacterium coprostanoligenes, while the HF
group was linked to Clostridium sensu stricto 1 and Terrisporobacter. Positive correlations
between HFTiso-associated taxa and adiponectin levels were consistent with microbiota-
associated metabolic signatures. In parallel, T. lutea supplementation was associated with
downregulation of colonic Niemann-Pick C1-like 1 (NPC1L1) mRNA expression, a key
mediator of intestinal cholesterol uptake. The bioactivity of T. lutea likely reflects its con-
tent of polyunsaturated fatty acids, oleic acid, phytosterols, and fucoxanthin; however,
whether these components act synergistically or whether specific bioactive compounds are
primarily responsible remains to be clarified. Together, these findings indicate that T. lutea
supplementation is associated with coordinated changes in gut microbiota composition and

Mar. Drugs 2026, 24, 86 https://doi.org/10.3390/md24020086

https://crossmark.crossref.org/dialog?doi=10.3390/md24020086&domain=pdf&date_stamp=2026-02-21
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/marinedrugs
https://www.mdpi.com
https://orcid.org/0000-0003-1892-4343
https://orcid.org/0000-0002-9718-973X
https://orcid.org/0000-0001-6348-0169
https://orcid.org/0000-0002-3493-7219
https://orcid.org/0000-0002-5631-8769
https://orcid.org/0000-0003-1232-8778
https://doi.org/10.3390/md24020086


Mar. Drugs 2026, 24, 86 2 of 16

transcriptional modulation of the intestinal cholesterol transporter NPC1L1 in the context
of selected early-stage metabolic alterations under high-fat feeding. While direct extrapola-
tion to humans remains limited, these results suggest potential translational relevance of
T. lutea as a nutraceutical approach targeting early-stage metabolic dysregulation. Future
studies will be required to determine the mechanistic contribution of individual bioactive
components and to assess whether microbiota- and gene expression-associated changes
play a causal role in mediating the observed metabolic outcomes, thereby informing the
rational development of T. lutea-derived interventions.

Keywords: microalgae; Tisochrysis lutea; microbiota; lipid metabolism; cardiovascular
diseases; cardiometabolic risk; nutraceutics

1. Introduction
Cardiometabolic health is increasingly threatened by interconnected risk factors, in-

cluding obesity, insulin resistance, dyslipidemia, and hypertension, which jointly predis-
pose individuals to cardiovascular diseases (CVD), type 2 diabetes mellitus (T2DM), and
related metabolic disorders [1]. According to the Global Burden of Disease Study, subop-
timal dietary patterns accounted for approximately 1.55 million CVD-related deaths in
2019 [2]. Enhancing cardiometabolic health thus represents a major public health priority,
aiming to prevent the onset and progression of CVD.

Emerging evidence highlights the gut microbiota as a central regulator of car-
diometabolic health influencing host metabolism through short-chain fatty acid (SCFA)
production, bile acid regulation, and modulation of systemic inflammation [3]. Conversely,
dysbiosis, characterized by reduced microbial diversity and decreased abundance of SCFA-
producing taxa, has been associated with insulin resistance, dyslipidemia, and chronic
low-grade inflammation [4]. In this context, restoring eubiosis through diet or bioac-
tive compounds supplementation represents a promising strategy to improve metabolic
outcomes and CV risk profiles [5].

Microalgae have recently gained attention as sustainable sources of bioactive molecules
capable of beneficially modulating the gut microbiota and improving cardio-metabolic
health [6–9].

Recent studies have demonstrated that the well-known microalgae Spirulina platensis
and Chlorella pyrenoidosa exert anti-obesity, anti-diabetic, anti-hypertensive, lipid-lowering,
and anti-inflammatory effects through modulation of the gut microbiota. Their bioac-
tive compounds, particularly polysaccharides and polyunsaturated fatty acids, enhance
microbial diversity, decrease the Firmicutes/Bacteroidetes ratio, and increase beneficial
taxa such as Prevotella, Alloprevotella, and Lactobacillaceae while reducing harmful bacteria
like Turicibacter and Clostridium_XlVa. These changes are associated with increased SCFA
production, reduced gut permeability, and restoration of bile acid and trimethylamine
pathways [6–9], supporting a microbiome-mediated mechanism underlying the metabolic
benefits of microalgal supplementation.

Among marine microalgae, Tisochrysis lutea (T. lutea) stands out for its high content
of bioactive compounds, including ω-3 fatty acids (mainly docosahexaenoic acid (DHA)),
polyphenols, and carotenoids such as fucoxanthin, all known for their anti-inflammatory
and anti-dyslipidemic properties [10,11]. Although T. lutea is currently used primarily in
aquaculture and has not yet been approved for human consumption [12], we previously
demonstrated that high dietary addition of T. lutea F&M-M36 was well tolerated and
unexpectedly improved lipid metabolism even under iso-caloric feeding conditions [13].
Mayer et al. also found that dietary supplementation with T. lutea ameliorated lipid
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and glucose metabolism and reduced inflammation in rats fed a high-fat, high-fructose
diet, likely due to the synergistic interaction among DHA, fucoxanthin, phytosterols, and
fibers [14]. We also showed that the T. lutea F&M-M36 methanolic extract exerts anti-
inflammatory effects in vitro by inhibiting the COX-2/PGE2 pathway and the NLRP3
inflammasome/microRNA-223 axis with effects more evident than those of fucoxanthin
alone [11].

More recently, we demonstrated that T. lutea F&M-M36 improves multiple high-fat
induced cardiometabolic alterations, reducing plasma triglycerides and glucose, increas-
ing fecal lipid excretion and adiponectin, and modulating key metabolic proteins such
as β3-adrenergic receptor, uncoupling protein 1, and glucagon-like peptide-1 receptor.
Transcriptomic analyses also revealed activation of energy metabolism pathways and
suppression of inflammatory and autophagy-related genes, suggesting a multifaceted
mechanism of action [15].

Building on our previous in vivo evidence, the present study was designed as a
microbiota-oriented extension of earlier metabolic observations [15]. Specifically, we in-
vestigated the impact of T. lutea supplementation on gut microbiota composition and its
associations with selected metabolic and vascular readouts previously shown to be affected
in this experimental model [15]. In addition, we explored whether T. lutea supplemen-
tation is associated with transcriptional modulation of intestinal cholesterol transporter
Niemann–Pick C1-like 1 (NPC1L1), a key mediator of intestinal cholesterol uptake. Ex-
ploring these host–microbiota associations was intended to identify transcriptional and
microbial patterns potentially contributing to the metabolic effects previously observed
with T. lutea supplementation, thereby generating hypothesis for future mechanistic studies
on T. lutea-derived interventions targeting pathways relevant to cardiometabolic risk.

2. Results
2.1. Characterization of the Microalgal Biomass

The biochemical composition, fucoxanthin and phenolic compounds composition of
T. lutea F&M-M36 have been previously reported [11,13] and is summarized here solely
to provide compositional context for the biological outcomes investigated in the present
study. For reference, the macromolecular composition of dried microalgal biomass had 4.3%
carbohydrates, 15.1% lipids, 42.4% proteins, 18.2% fibers, and 13.1% ashes (Supplementary
Table S1) [13]. The fatty acid composition of T. lutea revealed a balanced profile of ω-3, ω-6,
and ω-9 polyunsaturated fatty acids. The ω-3 fraction was dominated by α-linolenic acid
(ALA, C18:3n-3; 10.6%) and docosahexaenoic acid (DHA, C22:6n-3; 6.7%), with additional
contributions from eicosatrienoic acid (C20:3n-3; 2.3%). The ω-6 fraction included linoleic
acid (LA, C18:2n-6; 7.5%) and γ-linolenic acid (C18:3n-6; 0.3%). Oleic acid (C18:1n-9; 19.3%)
represented the major ω-9 fatty acid. Overall, the biomass exhibited a high ω-3 content
relative to ω-6, with substantial DHA levels characteristic of T. lutea, alongside a significant
proportion of ω-9 fatty acids (Supplementary Table S2). As previously reported [11], we
characterized fucoxanthin and phenolic compounds in a methanolic extract of T. lutea
F&M-M36, obtaining 4.7 mg/g DW of fucoxanthin and 6.22 ± 0.05 mg GAE/g DW of total
soluble phenolics. The phenolic profile was dominated by simple C6 and C6–C1 structures,
including hydroxybenzoic acid and gallic acid derivatives, as well as some aromatic amino
acids [11].

2.2. Host Metabolic and Bacterial Diversity Shift After Dietary Treatment

Differences in metabolic profiles of the six metabolic variables revealed clear separation
among groups along the first two principal components as displayed in PCA (Figure 1b).
PC1 explained 50.2% of the variance, while PC2 accounted for 20%, together representing
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70.2% of the total variability, reflecting the presence of a strong underlying gradient in
metabolic variations. Samples from the HF group clustered predominantly on the positive
side of PC1, whereas NF samples were positioned toward the negative axis. The HFTiso
group showed an intermediate distribution, partially overlapping with both HF and NF
clusters but forming a distinct grouping. Adonis PERMANOVA analysis confirmed that
treatment significantly explained variation in the metabolic dataset (R2 = 0.522, F = 7.65,
p < 0.001) (Figure 1b). Thus, more than half of the variance in metabolic parameters was
attributable to differences among HF, HFTiso, and NF groups.

Figure 1. Differences in metabolic and bacterial profiles among treatment groups. (a) Schematic
representation of experimental design reporting the dietary intervention. (b) PCA based on Euclidean
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distance highlights the sample distribution according to the metabolic profiles represented by total
cholesterol, glucose, diastolic blood pressure (DBP), lipid excretion, and adiponectin levels. Samples
are colored according to the treatment group (HF, HFTiso, NF), and group dispersion was visualized
by confidence ellipses. The proportion of variance explained (R2 from adonis PERMANOVA) and the
significance level were reported in the barplot below the ordinational plot (***, p < 0.001). (c) PCA
based on Hellinger distance reports the sample distribution based on differences in bacterial ASVs
transformed relative abundances at the end of experiment. Significant vectors (FDR < 0.05), obtained
from environmental fitting analysis (envfit), were plotted as arrows within the ordination diagram.
(d) Barplots report the amount of variance explained by significant factors tested, i.e., treatment
(Ad: R2 from adonis PERMANOVA) (***, p < 0.001) and vector tested in the environmental fitting
analysis (EnvFit: R2 from envfit function). Significance annotations for each factor are reported using
asterisks (**, p-adj < 0.01). (e) Heatmaps report the R2 values (color gradient) from pairwise adonis
PERMANOVA with significance annotations for each treatment group comparison (**, p-adj < 0.01).
(f) Boxplots report the alpha-diversity metrics among treatment groups. Group comparisons are
evaluated using the Wilkoxon test (FDR adjustment method).

Dietary treatment significantly impacted on bacterial diversity and composition.
The adonis PERMANOVA based on Bray–Curtis distances revealed that treatment ex-
plained around 47.9% of the variance in bacterial community composition (R2 = 0.479,
F = 6.91, p < 0.001 in Supplementary Table S3). Pairwise PERMANOVA confirmed that
all groups were significantly different from each other, with R2 values ranging from 0.34
(HF vs. HFTiso) to 0.46 (HFTiso vs. NF) (adjusted p < 0.01) (Figure 1e). The RDA ordi-
nation (Hellinger distance) showed clear samples clustering according to dietary treat-
ment (Figure 1c). The first two axes explained a substantial proportion of community
variability (30.2% and 17.7% for first and second axis respectively), capturing the main
variance differences between HF, HFTiso, and NF samples. Environmental fitting analysis
(envfit) identified several host metabolic parameters as significantly correlated with commu-
nity variation after FDR correction (Supplementary Table S4). Specifically, glucose levels
(R2 = 0.727, p = 0.002), DBP (R2 = 0.541, p = 0.006), lipid excretion (R2 = 0.780, p = 0.002),
and adiponectin levels (R2 = 0.750, p = 0.002) were strongly associated with bacterial diver-
sity variations in multidimensional space, while triglycerides and total cholesterol were
not significant (Figure 1c,d). Vectors corresponding to significant variables were oriented
consistently with the separation of treatment groups in the ordination biplot (Figure 1c),
indicating that changes in host lipid-related readouts and adiponectin levels were signif-
icantly associated with differences in bacterial community. In detail, increased levels of
lipid excretion and adiponectin positively covaried with the HFTiso-related cluster, while
an increase in glucose levels and DBP positively covaried with the HF-related cluster
(Figure 1c).

Bacterial richness and diversity (alpha diversity) did not significantly differ between
groups (Figure 1f). The total number of ASVs (observed richness) were comparable
across groups, with no significant differences detected after pairwise comparisons (all
p-adj ≥ 0.36) as well as for Shannon diversity index (all p-adj = 1.0), Inverse Simpson index
(all p-adj ≥ 0.88) and Pielou’s evenness (all p-adj ≥ 0.88) (Supplementary Table S5). The
results indicate that dietary treatment did not significantly affect within-sample bacterial
diversity. Therefore, while beta-diversity analyses revealed strong treatment-dependent
clustering (see above sections), alpha diversity remained stable across groups.

2.3. T. lutea Reshapes Gut Microbiota and Related Metabolic Interactions

LDA-based differentially abundant analysis selected 70 bacterial features after
the Kruskal–Wallis test, reduced to 40 after a subsequent Wilcoxon test, then the
LDA threshold (LDA ≥ 2.5) selected 31 significantly discriminative bacterial features
(Supplementary Table S6). Among the bacterial genera selected by LDA, Clostridium
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sensu stricto 1 and Terrisporobacter were significantly associated with the HF diet, while
genera Hoeflea, Erysipelatoclostridium, Anaerotruncus, Acetatifactor, Corynebacterium,
[Eubacterium] coprostanoligenes and brachy groups, Gordonibacter, Marvinbryantia, and
Intestinimonas were significantly associated with the HFTiso treatment (Figure 2a). There-
fore, Bifidobacterium, Butyrivibrio, Papillibacter, [Eubacterium] ruminantium group, Acetatifactor
and broader clades such as Firmicutes were significantly linked to the baseline dietary
intervention, i.e., NF treatment (Figure 2a).

 

Figure 2. Bacterial discriminant analysis and metabolic correlation. (a) Differentially abundant taxa
identified by LDA effect size analysis (LDA > 2.5). Bars indicate LDA mean ± lower and upper
confidence intervals for taxa discriminating between HF, HFTiso, and NF groups (color scheme
in the legend). (b) Correlation networks constructed using the Kamada–Kawai layout of HF and
HFTiso datasets, between gut bacterial genera (LDA selected) and host metabolic variables. Nodes
represent metabolites (filled light blue circles) or microbial genera (empty light blue circles). Edges
represent Spearman correlations with rho ≥ 0.2 only and edge color indicates correlation direction
and significance (red = positive significant, blue = negative significant, grey = not significant).

Overall, the LDA approach revealed distinct genus-level microbial signatures across
the experimental groups, demonstrating compositional differences primarily driven by
members of Firmicutes, Actinobacteria, and Proteobacteria phyla. These significantly discrim-
inative genera were subsequently selected for correlation analyses with host metabolic
variables, allowing the identification of microbiota–metabolite associations that may under-
line treatment-specific physiological responses.

Spearman correlation analysis was performed to investigate potential associations
between significantly discriminative bacterial genera, identified through LDA analysis, and
host metabolic variables among HF and HFTiso. The resulting networks revealed distinct
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patterns of microbiota–metabolite interactions that significantly change among the HF and
HFTiso groups.

The HF correlation network highlighted a strong positive association between Ter-
risporobacter and diastolic blood pressure (DBP, rho = 0.83, p = 0.0416), whereas Terrisporobac-
ter displayed a negative correlation with adiponectin levels (rho = −0.89, p = 0.0188), and
Anaerotruncus was also negatively correlated with DBP (rho = −0.89, p = 0.0188) (HF on
Figure 2b). In addition, Corynebacterium showed a significant negative correlation with
glucose concentrations (rho = −0.83, p = 0.0416) (Figure 2b). The dietary integration with
T. lutea (HFTiso in Figure 2b) significantly switches the pattern displayed by correlation net-
work analysis. In particular, Anaerotruncus and Terrisporobacter were positively correlated
with adiponectin (rho = 0.83, p = 0.0416) (HFTiso in Figure 2b).

2.4. Effects of T. lutea F&M-M36 on Gene Expression in the Colon and SCFAs Plasmatic Levels

T. lutea had a significant effect on NPC1L1 mRNA expression (ANOVA, p = 0.0046).
Post hoc analysis (Dunn test with FDR correction) revealed that the HFTiso treatment signif-
icantly reduced NPC1L1 mRNA expression compared with both HF (adjusted p = 0.0088)
and NF (adjusted p = 0.0103). No significant difference was detected between the HF and
NF groups (adjusted p = 0.7869). Conversely, T. lutea did not significantly affect the expres-
sion of occludin (ANOVA, p = 0.576) or TJP-1 (Kruskal–Wallis test, p = 0.142) (Figure 3).

Figure 3. Gene expression of TJP1, Occludin, and NPC1L1. Boxplots display the gene expression
levels (2−∆∆Ct) across treatment groups (NF, HF, HFTiso). Significant post hoc differences for NPC1L1
were assessed using Dunn’s test with FDR correction and reported using asterisks (**, p < 0.01;
*, p < 0.05).

The plasmatic levels of short-chain fatty acids (SCFAs) were compared across the
three experimental groups (HF, HFTiso, and NF). Overall, no statistically significant differ-
ences in total or individual SCFAs concentrations were detected among the HF, HFTiso,
and NF groups after correction for multiple comparisons (all adjusted p-values > 0.05:
Supplementary Table S7). Nonetheless, the variations in concentrations between groups
revealed consistent trends across several metabolites. Total SCFAs showed higher mean con-
centrations in the HFTiso group compared with both HF and NF groups. A similar pattern
was observed for acetic acid, hexanoic, propionic and butyric acids which displayed the
highest mean levels in HFTiso compared to the other groups (Supplementary Figure S1).
Although these differences did not reach statistical significance, the observed trends suggest
a potential modulation of SCFAs production profiles across dietary treatments, warranting
further investigation in larger cohorts or complementary experimental settings.
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3. Discussion
The present work was conceived as a microbiota-oriented extension of our earlier

metabolic observations [15] rather than as comprehensive cardiometabolic phenotyping.
In this context, it provides new insights into microbiota-associated patterns consistent
with previously observed positive effects of T. lutea F&M-M36 in selected early-stage
metabolic alterations under high-fat feeding. Our previous findings showed that T. lutea
improves lipid profiles, blood pressure, and glucose metabolism by enhancing energy
metabolism and suppressing inflammatory pathways [15]. In line with this evidence, the
current multivariate analyses revealed treatment-dependent clustering of metabolic profiles
with the T. lutea-supplemented group forming a distinct cluster, with partial overlap with
both the NF and HF groups. This pattern is expected, as the HF model was intentionally
designed to reproduce a pre-metabolic syndrome-like condition rather than overt disease,
a stage considered particularly suitable for dietary interventions [16].

Treatment-associated shifts in selected metabolic readouts were accompanied by
coherent alterations in gut microbiota composition. β-diversity analysis revealed treatment-
dependent clustering, whereas α-diversity remained unchanged, indicating that T. lutea
primarily reshapes community structure rather than overall microbial richness.

In line with these findings, LDA-based differential abundance analysis identified
distinct bacterial signatures across dietary groups. The T. lutea-supplemented group
was enriched in taxa belonging to the Alphaproteobacteria and Rhizobiaceae families,
including Hoeflea and Gordonibacter, as well as several Clostridiales-related genera such as
Erysipelatoclostridium, Anaerotruncus, and Marvinbryantia. The bacterial species Eubacterium
coprostanoligenes is of particular interest due to its reported ability to convert cholesterol into
coprostanol, a non-absorbable sterol, thereby reducing intestinal cholesterol absorption and
circulating cholesterol levels [17]. Previous studies have associated E. coprostanoligenes abun-
dance with improved cardiometabolic traits, including under metformin treatment [18] and
reduced thrombotic risk [19]. While causality cannot be established in the present model,
these observations provide biological plausibility for the contribution of T. lutea-associated
taxa to intestinal lipid homeostasis. The genus Marvinbryantia, belonging to the Lach-
nospiraceae family, has been associated with SCFA-related pathways, particularly acetate
and butyrate, which are commonly linked to intestinal homeostasis and anti-inflammatory
processes [20]. Although circulating SCFAs did not differ significantly between groups,
T. lutea supplementation was associated with consistent trends toward higher mean levels
of total SCFAs and key metabolites such as acetate, propionate, and butyrate. These trends
are biologically coherent with the observed microbial shifts, but they should be interpreted
cautiously as the lack of statistical significance and the exploratory nature of the correlation
analyses preclude functional inference. In addition, in observational studies, higher abun-
dance of Marvinbryantia has been inversely associated with insulin resistance or T2DM [21],
while members of the Anaerovoracaceae family have been reported to correlate negatively
with serum leptin levels in animal models [22].

Conversely, the HF dietary signature was characterized by genera, such as Clostrid-
ium sensu stricto 1 and Terrisporobacter, that have been linked to lipid and amino acid
fermentation and, in the context of high-fat feeding, to altered bile acid profiles and inflam-
mation [23–26].

Terrisporobacter has been associated with unfavorable cardiometabolic traits in hu-
man studies [24–26]; however, such associations may be strongly context-dependent and
influenced by diet and host metabolic state. In the present study, correlation network
analyses revealed diet-dependent relationships between Terrisporobacter, Anaerotruncus,
and host metabolic readouts, with positive associations with adiponectin emerging in the
T. lutea-supplemented group. Similarly, Anaerotruncus showed opposite correlations across
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dietary groups, being negatively associated with diastolic blood pressure and positively
associated with adiponectin in the T. lutea–supplemented group. These patterns suggest a
context-dependent remodeling of host–microbiota interactions rather than fixed beneficial
or detrimental roles of specific taxa.

In contrast, the NF group showed enrichment of taxa including Butyrivibrio, Papillibac-
ter, and Bifidobacterium, which is consistent with a gut microbial profile associated with a
low-inflammatory intestinal environment [27–29].

In line with the pre-metabolic nature of the experimental model, the absence of changes
in tight junction gene expression argues against major impairment of intestinal barrier
integrity. Notably, T. lutea supplementation significantly downregulated colonic NPC1L1
mRNA expression, a key mediator of intestinal cholesterol uptake and the pharmacological
target of ezetimibe. Although NPC1L1 modulation was assessed only at the mRNA level
and protein-level measurements or functional assays of cholesterol absorption were not
performed, previous in vivo dietary intervention models have shown that transcriptional
downregulation of intestinal NPC1L1 is associated with reduced cholesterol absorption [30].
NPC1L1 expression is also influenced by the gut microbiota, and both genetic deletion and
pharmacological inhibition of NPC1L1 have been reported to reshape microbial composi-
tion in experimental models [30,31]. Accordingly, the concurrent NPC1L1 downregulation
and microbiota remodeling observed in the T. lutea-supplemented group is consistent with
coordinated host–microbiota interactions; however, no mechanistic or target-specific role
can be inferred from the present data. Definitive assessment of NPC1L1 involvement will
require protein-level validation, functional cholesterol absorption assays, and dedicated
genetic or pharmacological approaches in future studies.

The complex biochemical profile of T. lutea, including ω-3 polyunsaturated fatty acids,
oleic and myristic acids, phytosterols, fucoxanthin, and phenolic compounds [11,13–15],
provides biological plausibility for host-driven metabolic effects that may secondarily influ-
ence host–microbiota interactions. These compounds have been reported to modulate lipid
and glucose metabolism and influence energy balance in experimental models [15,32,33].
Although fucoxanthin and phenolic compounds are characterized by relatively low sys-
temic bioavailability, they may nonetheless contribute to metabolic regulation through
local intestinal actions and microbiota-associated mechanisms, together with systemi-
cally active components such as ω-3 polyunsaturated fatty acids, oleic acid, and phytos-
terols. In addition, docosahexaenoic acid (DHA) and oleic acid serve as precursors of
oleoylethanolamide, a lipid mediator involved in the regulation of appetite, energy balance,
and intestinal homeostasis [34]. However, the observational nature of the present study and
the reliance on correlation-based analyses do not allow discrimination between primary
microbiota-driven effects and secondary adaptations to host metabolic remodeling induced
by T. lutea supplementation.

Several limitations should be acknowledged: (1) This study was conducted exclusively
in male rats, and potential sex-specific differences in response to T. lutea supplementation
cannot be excluded. (2) The 5% dietary dose used in rats corresponds to an estimated
human-equivalent intake of approximately 45 g/day for a 70 kg adult, which exceeds
typical dietary exposure; however, similar or higher inclusion levels of microalgal biomass
(up to 15% of the diet) have been employed in preclinical models to investigate metabolic
and microbiota-related mechanisms, supporting the use of such doses for mechanistic
exploration [35]. Moreover, human intervention studies with microalgae-based supple-
ments, such as spirulina, have reported daily intakes up to 19 g/day [36], indicating
that relatively high levels of microalgal biomass can be safely administered in controlled
settings. (3) Whether the bioactive components of T. lutea act synergistically or whether
specific compounds predominantly drive the observed associations remains to be clarified
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in order to guide the rational development of optimized formulations, extracts, or enriched
fractions targeting pathways relevant to cardiometabolic risk while improving transla-
tional feasibility. (4) Future studies are necessary to validate the mechanistic contribution
of individual components and to determine whether microbiota- and gene expression-
associated changes play a causal role in mediating the metabolic effects of T. lutea. Despite
these limitations, the present findings indicate that T. lutea supplementation is associated
with coordinated changes in gut microbiota composition and transcriptional modulation
of the intestinal cholesterol transporter NPC1L1, in the context of selected early-stage
metabolic alterations under high-fat feeding. While mechanistic causality cannot be in-
ferred, these results may contribute to guiding future studies and the development of
optimized T. lutea-derived interventions.

4. Materials and Methods
4.1. Microalga Cultivation and Production

T. lutea F&M-M36 biomass (from the Fotosintetica & Microbiologica (F&M) S.r.l. cul-
ture collection, Florence, Italy) was produced at Archimede Ricerche S.r.l. (Camporosso,
Imperia, Italy) in GWP®-II photobioreactors operating in semi-batch mode using F culture
medium [37,38]. The biomass was collected by centrifugation, then frozen, freeze-dried,
ground into powder, and finally stored at −20 ◦C until use.

4.2. Characterization of the Microalgal Biomass

The biochemical and macromolecular composition of T. lutea F&M-M36 reported in this
section derives from previous detailed characterizations of the same strain and is included
here solely to contextualize the biological outcomes investigated in the present study. These
data are not presented as newly generated analytical results. Although different biomass
batches were produced, the same strain (F&M-M36), cultivation system, culture medium,
and downstream processing pipeline were applied, minimizing batch-to-batch variability.

The analytical methods used for compositional characterization are briefly summa-
rized below for completeness and reproducibility, as previously reported [13]. Briefly,
total protein content was calculated as N × 6.25 from elemental nitrogen using a CHNSO
Analyzer (Flash EA, 1112 Series, Thermo Electron Corporation, USA) Carbohydrates were
quantified according to [39], and total lipids by the method of Marsh and Weinstein [40].
Moisture content was determined following ISTISAN Report 1996/34 (Method B). Fiber
content was measured according to AOAC Method 985.29. Fatty acid composition was
evaluated according to the official food analysis method of the Italian Ministry of Health
(ISTISAN Report 1996/34). Briefly, total lipids were extracted from dried biomass using
a chloroform–methanol mixture. The extracted lipids were subjected to acid-catalyzed
transesterification to obtain fatty acid methyl esters (FAMEs). FAMEs were analyzed by gas
chromatography–mass spectrometry (GC–MS) using an Agilent GC–MS system equipped
with a capillary column suitable for fatty acid separation. Helium was used as carrier gas
at constant flow. The injector and detector temperatures, as well as the oven temperature
program, were set according to previously validated conditions [41]. Fatty acids were
identified by comparison of retention times and mass spectra with those of a Supelco®

37-component FAME standard mix and reference libraries. Phenolics were isolated by
liquid–liquid partitioning to remove pigments and analyzed by HPLC-DAD (UV detection
at 280 and 350 nm). Fucoxanthin was quantified by HPLC using a C30 reverse-phase
column and an MTBE/methanol gradient with internal-standard calibration according to a
modification [11] of the method by Kim et al. [42].
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4.3. Experimental Design and Animal Treatments

All procedures were conducted in accordance with the European Union regulations
on the care and use of laboratory animals (OJ of ECL 358/1, 18 December 1986) and the
Italian regulations on the protection of animals used for experimental and other scientific
purposes (DM 116/1992). The study was approved by the Italian Ministry for Scientific
Research (Authorization ID 1137/2015; approval date: 28 October 2015).

The detailed experimental procedures have been previously reported [15] and are
briefly summarized here. Male Sprague Dawley rats (Nossan S.r.l., Milan, Italy), aged
6–8 weeks, were divided into three experimental groups, rats fed the AIN-76 diet (NF 5%
fat, rats fed a high-fat diet (HF 30% fat), and rats fed a HF diet supplemented with 5%
T. lutea F&M-M36 biomass (HFTiso), and fed for 3 months. Diets were adjusted to account
for macronutrient content of T. lutea F&M-M36 biomass (Supplementary Table S8), and all
animals had ad libitum access to food and water under a 12 h light/dark cycle.

For the purposes of this study, a subgroup of N = 6 animals per group was selected
from the original cohort (N = 8) to characterize gut microbial composition and explore
correlations with host metabolic parameters. This approach allowed mechanistic insights
into the effects of T. lutea supplementation on the gut microbiota and cholesterol absorption
while remaining consistent with the previously reported metabolic outcomes.

4.4. Blood Biochemistry, Blood Pressure, and Fecal Lipid Analysis

At the end of the study, blood was collected for biochemical analyses. Blood pressure
was measured non-invasively using a computerized tail-cuff system (Visitech BP-2000
Series II Blood Pressure Analysis System, Apex, NC, USA), and plasma lipids, glucose,
and atherogenic index were determined using standard the Reflotron® Plus system (Roche
Diagnostics GmbH, Mannheim, Germany). Fecal lipid content was assessed by chloroform–
methanol extraction [43].

4.5. Sequencing and Amplicon Sequence Variants Inference

Fecal samples from all animals were stored at −80 ◦C until processing. DNA was
extracted using the DNeasy PowerLyzer PowerSoil Kit (Qiagen, Hilden, Germany) accord-
ing to the manufacturer’s instructions. Libraries targeting the V3-V4 region of the 16S
rRNA gene were prepared using primer pairs 341F (5′-CCTACGGGNGGCWGCAG-3′)
and 805R (5′-GACTACNVGGGTWTCTAATCC-3′) and sequenced on the Illumina MiSeq
platform in paired-end mode (PE300). Primer pairs were removed by using cutadapt
v4.2 [44]. Amplicon sequence variants (ASVs) were inferred from raw reads using the
DADA2 pipeline v1.26 [45]. Taxonomic assignment was carried out with the DECIPHER
package v2.30 [46] against the most recent release of the SILVA small-subunit reference
database (SSU v138, http://www2.decipher.codes/Downloads.html, access on 5 August
2024). DADA2 pipeline and downstream statistical analysis were performed in the R
environment v4.3.1 [47].

4.6. Metabolic and Bacterial Statistical Analysis

To minimize bias, the zero-abundance ASVs were removed and sequences assigned
to Archaea, Chloroplast, and Mitochondria were filtered out, resulting in a final dataset
comprising 1993 ASVs with a total of 3,122,843 reads (median reads per sample: 44,531.5).

Beta-diversity analyses were carried out, after removing taxa present in only one
sample within the dataset (also referred to singleton), and after normalization counts to
relative abundances. Multidimensional analyses were performed by using Bray–Curtis
dissimilarities, calculated using the “vegan” package v2.7.1 [48], and differences between
treatment groups were inspected using permutational multivariate analysis of variance
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(adonis PERMANOVA) of “vegan” package v2.7.1, setting 1000 as number of permutations.
The explained variance was visualized through redundancy analysis (RDA) with Hellinger-
transformed data, followed by environmental fitting analysis performed using envfit()
function of “vegan” package v2.7.1, based on metabolic parameters from [15], then false
discovery rate (FDR) correction was applied to adjust p-values. To reduce potential biases
arising from differences in scale, all variables were standardized (mean-centered and
scaled to unit variance) prior to analysis. Principal Component Analysis (PCA) was
performed on the scaled data to reduce dimensionality and visualize sample distribution
based on metabolic parameters. To further resolve group-specific differences, pairwise
adonis PERMANOVA tests were performed by using “pairwiseAdonis” package v0.4.1,
setting 1000 numbers of permutations and adjusting p-values using the FDR correction
method [49].

To test for significant differences in multivariate metabolic profiles between treat-
ment groups, adonis PERMANOVA was conducted on a Euclidean distance matrix with
1000 permutations, by using adonis2 function of the “vegan” package v2.7.1.

Alpha-diversity was calculated using the “phyloseq” package v1.46 [50]. For each
sample, Observed richness (number of ASVs), Shannon diversity index, Inverse Simpson
index, and Pielou’s evenness (calculated as Shannon/log (Observed)) were calculated.
Group differences in alpha diversity metrics were assessed using pairwise Wilcoxon rank-
sum tests (FDR adjusted p-value).

LDA-based microbial differential abundance analysis was performed using the “Mi-
crobiotaProcess” package v1.14.1 [51], setting a p ≤ 0.05 as a significant threshold for
Kruskal–Wallis test and pairwise Wilcoxon rank-sum tests with FDR correction method.
Taxa that met both criteria were subsequently subjected to LDA effect size estimation, with
a discriminative threshold of LDA ≥ 2.5.

To explore associations between microbial genera and host metabolic parameters
within the HF and HFTiso datasets, a correlation analysis was performed. Relative abun-
dances were computed for each genus. To address the compositional nature of the data,
abundances were transformed using a centered log-ratio (CLR) transformation after adding
a pseudocount of 1 × 10−6, while metabolic variables were standardized using z-score
normalization to prevent bias due to differing scales and the relative constraints of compo-
sitional data. The correlation analysis was performed on the genera significantly selected
by LDA (FDR ≤ 0.05 and LDA ≥ 2.5). Spearman correlation coefficients were computed
between CLR-transformed genus abundances and scaled metabolic variables, then for
each pair, correlation coefficients (rho) and associated p-values were calculated using the
rcorr() function of “Hmisc” package v5.2.3 [52]. Correlations were classified as positive
or negative, and significance was assigned using a p-value threshold of 0.05. Correlation
networks were constructed using “igraph” package v2.1.4 and visualized with “ggraph”
package v2.2.2 for correlations with rho ≥ 0.2 only [53,54].

4.7. Gene Expression Analysis

Total RNA was extracted using TRIzol reagent (Invitrogen, Carlsbad, CA, USA). First-
strand cDNA was synthesized using the RevertAid RT Kit (Thermo Scientific, Waltham,
MA, USA), according to the manufacturer’s instructions.

Quantitative real-time PCR (qRT-PCR) assays were performed with the Rotor-Gene®

QPCR System (Qiagen, Hilden, Germany) using the SsoAdvanced Universal SYBR Green
Supermix (Bio-Rad, Hercules, CA, USA). Primers were designed based on the mouse Gen-
Bank sequences for TJP, Occludin and Niemann-Pick C1-like 1 (NPC1L1). The amplification
protocol consisted of an initial heat activation at 95 ◦C for 30 s, followed by 35 cycles of
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denaturation at 95 ◦C for 15 s and annealing/extension at 60 ◦C for 30 s. The relative mRNA
expression levels were normalized to β-Actin and calculated using the 2−∆∆Ct method [15].

For each gene, statistical testing procedures were selected automatically based on
data distribution and variance structure, i.e., normality within each treatment group was
assessed using the Shapiro–Wilk test, and homogeneity of variance was evaluated using
Levene’s test. When both assumptions were met, parametric analysis of variance (ANOVA)
was applied; otherwise, a non-parametric Kruskal–Wallis test was performed. If a signifi-
cant effect on gene expression levels was depicted, a post hoc pairwise comparison was
performed using Dunn’s test with multiple-comparison correction (FDR adjust method).

4.8. Evaluation of Plasma SCFAs by Gas Chromatography–Mass Spectrometry (GC–MS) Analysis

In this study, the term SCFAs refers to the classical short-chain fatty acids (acetic,
propionic, butyric, isobutyric, isovaleric, and valeric acids) as well as hexanoic and
iso-hexanoic acids.

Circulating SCFAs were determined by using an Agilent GC–MS system, composed
of an HP 5973 single quadrupole mass spectrometer, an HP 6890 gas chromatograph, and
an HP 7673 autosampler, according to described protocols [55]. Briefly, just before the
analysis, each sample was thawed and the free SCFAs were extracted as follows: an aliquot
of 200µL of plasma sample was added to 10µL of ISTD mixture ([2H3] acetic acid, [2H5]
propionic acid, [2H7] isobutyric acid, [2H7] butyric acid, [2H9] isovaleric acid, [2H9] valeric
acid, [2H11] Hexanoic acid), 200µL of tert–butyl methyl ether and 50µL of 6 M HCl + 0.5 M
NaCl solution in a 0.5 mL centrifuge tube. Afterwards, each tube was stirred in a vortex for
5 min and centrifuged at 10,000 rpm for 5 min, and finally, the solvent layer was transferred
to a vial with a microvolume insert and analyzed.

Supplementary Materials: The following supporting information can be downloaded at
https://www.mdpi.com/article/10.3390/md24020086/s1, Supplementary Table S1. Nutritional
profile of the microalgal biomass; Table S2. Fatty acids; Table S3. Adonis PERMANOVA performed on
Bray-Curtis dissimilarities computed from relative ASVs abundances; Table S4. Environmental fitting
analysis applied to the RDA ordination based on Hellinger-transformed ASVs relative abundances;
Table S5. Differences in Alpha-diversity metrics across treatment groups; Table S6. Differential
abundance analysis; Table S7. Variations in total and individual SCFAs among treatment groups;
Figure S1. Short chain fatty acid (SCFAs) concentrations among experimental groups; Table S8. Com-
position of the experimental diets.
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