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Abstract

Lipodystrophies are rare syndromes characterized by partial or complete loss of subcuta-
neous adipose tissue leading to ectopic lipid deposition, insulin resistance, and the same
metabolic derangements observed in obesity. Given the role of gut microbiota in metabolic
disorders, we investigated whether its signature in obesity may be mirrored by that found
in lipodystrophies, possibly contributing to their overlapping metabolic abnormalities.
In this cross-sectional study, we included 8 individuals with lipodystrophy (LD), 16 indi-
viduals with obesity (Ob)—further categorized into 8 metabolically healthy (MHO) and
8 metabolically unhealthy (MUHO)—and 16 normal-weight controls (N). We assessed clin-
ical and metabolic characteristics and performed 16S rRNA sequencing and bioinformatic
analyses on fecal samples to characterize the gut microbiome. LD presented significantly
lower body mass index (BMI) and waist circumference than Ob, but, from a metabolic
perspective, LD showed similarity with MUHO and presented significantly lower levels of
HDL-C and higher triglycerides compared to both N and MHO. Gut microbiota analysis
revealed reduced α-diversity in LD, MHO and MUHO compared to N, whilst β-diversity
and Firmicutes/Bacteroidetes ratio differences were not significant. At the phylum level,
differential abundance analysis revealed that LD individuals exhibit similar microbial char-
acteristics to MUHO and higher Verrucomicrobiota levels compared to MHO. The shared gut
microbiota signature suggests another potential unexplored link between the pathogenesis
of metabolic complications in lipodystrophies and obesity, providing novel insights into
the complex interplay between dysbiosis and adiposopathy. Larger longitudinal studies
are needed to explore the role of specific taxa and for a more precise characterization of
different lipodystrophy subtypes.
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1. Introduction
Lipodystrophies (LD) are a heterogeneous group of congenital or acquired rare syn-

dromes characterized by a partial or generalized loss of subcutaneous adipose tissue [1–3].
The loss of subcutaneous fat in lipodystrophies mirrors the ‘adiposopathy’ and limited
expandability of the same depot in obesity, turning into ectopic lipid deposition, lipotoxicity
and insulin resistance development [4]. As a consequence, despite the opposite phenotype,
obesity and lipodystrophies converge on the same cardiometabolic complications such as
type 2 diabetes, dyslipidemia, hepatic steatosis and cardiovascular diseases [5].

Based on the metabolic status, individuals with obesity can be further categorized into
individuals with metabolically unhealthy obesity (MUHO) and individuals with metabol-
ically healthy obesity (MHO) [6], even though the latter mostly represents a transient
phenotype deemed to develop cardiometabolic complications over time [7]. With regard to
adiposopathy, in contrast to MHO, in individuals with MUHO adipose tissue remodeling
is maladaptive, entailing adipocyte hypertrophy, disrupted vascularization, heightened
pro-inflammatory microenvironment and a more evident accumulation of lipids at ectopic
sites [8].

In recent years, gut microbiota has been identified as a key player in the development
and progression of metabolic diseases [9] through mechanisms that remain incompletely
understood, including dysregulated inflammatory pathways [10] and disruption of the
gut–brain axis. Alterations in microbial composition can promote low-grade systemic
inflammation, modify neuroimmune communication, and ultimately impair the central
regulation of appetite and energy homeostasis, thereby contributing to metabolic dysfunc-
tion [11]. Restoring a healthy microbial community through the use of probiotics, prebiotics
or fecal microbiota transplantation can help rebalance the gut ecosystem and attenuate in-
flammation both locally and systemically, leading to improvements in both gastrointestinal
and systemic conditions [12]. Indeed, evidence suggests that greater richness and diversity
in gut microbiota is associated with better nutritional status, fewer comorbidities and
overall improved health, while individuals with metabolic impairments generally present
low diversity [9]. Patients affected by obesity have been reported to have a reduction in
Firmicutes/Bacteroidetes ratio [13] as compared to normal weight controls. When applying
to MHO and MUHO categories, the latter commonly presents a gut microbiota with a
more inflammatory profile, and lower diversity and Firmicutes/Bacteroidetes ratio [14–16],
suggesting that gut microbiota changes may contribute to the development of obesity
complications. Regarding LD, to the best of our knowledge, only a single study examined
the gut microbiota composition in such patients [17], reporting an altered microbial profile.

In this context, the aim of our study was to analyze the gut microbiota of patients
with LD in comparison with individuals with obesity, to determine whether they display
comparable patterns of dysbiosis. By conducting the study, we sought to expand current
knowledge on this rare disease while providing insights into the mechanisms underlying
metabolic impairment in adiposopathy.

2. Materials and Methods
2.1. Study Population

In this cross-sectional study, we recruited 8 patients with lipodystrophy (LD),
16 patients with obesity (Ob), defined as BMI ≥ 30 kg/m2, and 16 normal-weight con-
trols (N). Ob participants were further classified into metabolically healthy obesity (MHO;
n = 8) and metabolically unhealthy obesity (MUHO; n = 8), according to their metabolic
status [18].

Inclusion criteria included Caucasian origin and stable body weight for at least
3 months preceding the study. Exclusion criteria were chronic liver or kidney disease,
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active infection, malignancy, other acute or chronic systemic diseases, recent hospitalization
(<30 days), use of glucocorticoids, nonsteroidal anti-inflammatory drugs, antibiotics, prebi-
otics, and probiotics within 3 months before evaluation, and pregnancy or breastfeeding.

The enrolled participants underwent a detailed medical history assessment, and
anthropometric (body weight, height, and waist circumference) and clinical (blood pressure
and heart rate) evaluation. Biological (blood and stool) samples were collected.

The study was approved by the Ethical Committee of the University Hospital “Poli-
clinico Tor Vergata” and all patients gave written informed consent.

2.2. Biological Samples

Blood samples were collected in the morning from fasting participants and analyzed
immediately or processed and stored in aliquots at −80 ◦C (whole blood, serum and
plasma) until use.

Hematology and clinical biochemistry assays, including blood count, glucose, HbA1c,
total cholesterol, HDL-cholesterol (HDL-C), triglycerides, glutamic oxaloacetic transami-
nase (GOT), glutamic pyruvic transaminase (GPT), gamma-glutamyl transpeptidase (GGT),
creatinine and urea were assessed by routine laboratory techniques. The Friedewald
equation was used to assess LDL-cholesterol (LDL-C).

Stool samples from the various groups of patients and healthy controls were collected
in tubes filled with a DNA stabilizer using the “PSP Spin Stool DNA Plus Kit” by Stratec
Molecular (Berlin, Germany). A small aliquot of the sample was used for DNA extraction,
as previously described [19]. The kit employs optimized buffers to efficiently remove
all contaminants. The 16S sequencing was performed by an external company (IGA
Technology Services Srl, Udine, Italy).

2.3. Sequencing and Bioinformatics Analysis of 16S Ribosomal RNA

To characterize the bacterial populations present in the samples, the V3 and V4 regions
of the 16S ribosomal RNA (rRNA) gene were sequenced. The V3 and V4 regions are
hypervariable regions of the 16S rRNA gene found in all bacteria; they are species-specific
and thus provide phylogenetic information. The protocol for amplification and sequencing
of these regions includes the following steps: (A) Amplification of the V3–V4 variable
regions of the 16S rRNA (amplicons) using HIFI HotStart TAQ polymerase. (B) Purification
of amplicons using magnetic beads. (C) Indexing of amplicons with Illumina INDEX tags
through 8 cycles of PCR, followed by purification and quantification of indexed products.
(D). Sequencing on the Illumina MiSeq platform, which reads both ends of the fragment
with a central overlap of approximately 50 bp, enabling optimal reconstruction of the
entire fragment.

The analysis of 16S rRNA amplicon data involves three main phases: (a) Pre-
processing of sequences (reads). (b) Identification of microorganisms present in the samples.
(c) Statistical analysis.

The pre-processing phase eliminates low-quality reads caused by sequencing errors.
The quality of raw sequences was assessed using FastQC (version 0.12.0). Primer sequences
and adapters were removed using Cutadapt (version 5.0). Preprocessed reads were an-
alyzed using the QIIME 2 pipeline (distribution 2024.10) [20]. Specifically, reads were
screened for chimeric sequences and clustered into amplicon sequence variants (ASVs)
using the DADA2 (Version 1.28) algorithm [21]. Taxonomic classification of representative
sequences generated by DADA2 was performed using the q2-feature-classifier plugin and
the Silva database (version 138) [20–22].
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2.4. Statistical Analysis

For descriptive statistical analysis, categorical variables were expressed as frequencies
and percentage, and chi-squared and Fisher’s exact test with Bonferroni correction were
used to assess the significance of difference between groups; continuous variables were
presented as mean ± standard deviation and an independent-samples Kruskal–Wallis test
was applied to assess differences between groups with Bonferroni correction for multiple
testing. In all statistical evaluations, a p value < 0.05 was considered as significant. Statis-
tical analyses were conducted using the SPSS Version 27.0 statistic software package for
Windows (IBM SPSS Statistics for Windows, Version 23.0. IBM Corp, Armonk, NY, USA ).

Data manipulations and statistical analyses of 16S sequencing data were conducted
in the R environment (version 3.6), utilizing the vegan (version 2.5.6) (https://cran.r-
project.org/package=vegan, accessed on 4 September 2025) and phyloseq (version 1.30.0)
(https://www.bioconductor.org/packages/release/bioc/html/phyloseq.html, accessed
on 4 September 2025) packages.

α-diversity was assessed using the Chao1, Shannon, and Simpson indices to evaluate
microbial richness and evenness across comparison groups. The Observed and Chao1
indices primarily measure species richness, reflecting the number of different species
present in a sample. The Shannon index accounts for both species richness and evenness,
providing insight into how evenly species are distributed within the community. The
Inverse Simpson index also incorporates both richness and evenness but places greater
emphasis on dominant species, giving more weight to the abundance of the most common
taxa in a sample. Diversity estimates were calculated using the estimate_richness function
from the phyloseq package, and the diversity function from the vegan package in R.
Differences in α-diversity among groups was evaluated using the Kruskal–Wallis test.
Post hoc pairwise comparisons were conducted using the Wilcoxon rank-sum test. To
account for multiple comparisons, p-values from the Wilcoxon tests were adjusted using
the Bonferroni correction. Results were visualized using boxplots generated with ggplot2,
displaying median diversity values, interquartile ranges, and significance levels.

β-diversity was assessed using principal coordinates analysis (PCoA) based on Can-
berra, weighted UniFrac, unweighted UniFrac, and Bray–Curtis distance metrics. Statistical
significance was evaluated using permutational multivariate analysis of variance (PER-
MANOVA) with 999 permutations, using the adonis2 function from the vegan package,
with age and sex included as additional terms in the model to account for potential con-
founding. Pairwise comparisons between groups were conducted using pairwise PER-
MANOVA with Bonferroni correction for multiple testing. Effect sizes (R2) were reported to
quantify the proportion of variance explained by group differences, as we have performed
in previous works [22,23].

Differential abundance analysis was performed using ANCOM-BC2 Version 2.10.1
(https://www.bioconductor.org/packages/release/bioc/vignettes/ANCOMBC/inst/doc/
ANCOMBC2.html, accessed on 4 September 2025) to identify microbial taxa associated
with the LD phenotype while adjusting for age and sex as covariates. The analysis was
conducted at the Phylum, family, and genus taxonomic levels to capture taxonomic differ-
ences across comparison groups. To adjust for compositional differences across samples,
ASV counts were normalized using ANCOM-BC, which accounts for compositional bias
and variance in microbiome datasets. ANCOM-BC2 was run with default normaliza-
tion, using a prevalence cutoff of 10% (prv_cut = 0.1) and a library size threshold of 1000
(lib_cut = 1000) to remove low-prevalence taxa. Sensitivity analysis for zero handling was
enabled (pseudo_sens = TRUE), and variance stabilization (s0_perc = 0.05) was applied.
The p-value was adjusted for multiple comparisons using the Holm correction.
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3. Results
3.1. Study Population

Participants’ characteristics are presented in Table 1. Among LD patients, all but one
were affected by congenital forms (specific subtypes are listed in Supplementary Table S1),
3 (37.5%) were males and the mean age was 28.8 ± 15.4 years. Four (25%) of Ob patients
were males with a mean age of 42.1 ± 10.7 years. On the basis of their metabolic syndrome
status, Ob patients were further divided into MHO and MUHO subgroups.

Table 1. Patients’ characteristics and comparisons between groups.

LD
(n = 8)

N
(n = 16)

Ob
(n = 16)

MHO
(n = 8)

MUHO
(n = 8)

LD
vs.
N

LD
vs.
Ob

N
vs.
Ob

LD
vs.

MHO

LD
vs.

MUHO

N
vs.

MHO

N
vs.

MUHO

MHO
vs.

MUHO

Males (%) 37.5% 25% 25% 0% 50% ns ns ns ns ns ns ns <0.05

Age (years) 28.8
(15.4)

30.9
(4.7)

42.1
(10.7)

41.5
(10.0)

42.6
(12.1) ns <0.05 <0.01 <0.05 <0.05 <0.05 <0.05 ns

BMI (kg/m2) 16.8
(4.6)

21.0
(2.0)

37.3
(5.7)

35.5
(4.9)

39.2
(6.2) ns <0.001 <0.001 <0.001 <0.001 0.001 <0.001 ns

Waist circum-
ference (cm)

65.3
(19.0) 76 (5.4) 113.5

(14.7)
106.6
(5.8)

122.7
(18.3) ns <0.001 <0.001 <0.001 <0.001 0.001 <0.001 ns

SBP (mmHg) 111.6
(13.9)

108.1
(8.5)

123.1
(11.5)

120.6
(10.8)

125.6
(12.4) ns <0.05 <0.001 ns <0.05 <0.05 <0.01 ns

DBP
(mmHg)

72.3
(14.0)

61.9
(6.3)

76.3
(9.2)

73.8
(8.8)

78.8
(9.5) 0.07 ns <0.001 ns ns <0.01 <0.001 ns

Heart rate
(bpm)

73.0
(14.0)

69.6
(6.7)

74.2
(9.2) 72 (4.7) 76.4

(12.1) ns ns ns ns ns ns ns ns

Antipertensive
treatment 25% 0% 56.3% 37.5% 75% ns ns <0.001 ns 0.07 <0.05 <0.001 ns

Dyslipidemia
treatment 50% 0% 12.5% 12.5% 12.5% <0.05 ns ns ns ns ns ns ns

Fasting
glucose
(mg/dL)

87.5
(15.3)

86.4
(7.3)

94.7
(13.5)

88.1
(8.7)

100.5
(14.7) ns ns ns <0.01 0.07 ns <0.05 0.08

Hb1Ac
(mmol)

44.6
(25.7)

31.5
(3.5)

35.2
(4.0)

34.1
(2.7)

36.5
(5.0) ns ns ns ns ns ns ns ns

Total
cholesterol

(mg/dL)
164.8
(25.9)

165.1
(30.3)

195.1
(53.0)

180.6
(27.6)

207.8
(67.6) ns ns ns ns ns ns ns ns

HDL-C
(mg/dL)

42.3
(15.6) 63 (9.3) 51.2

(13.8)
58.6

(13.7)
44.8

(10.7) <0.001 ns <0.05 <0.05 ns ns <0.01 0.08

LDL-C
(mg/dL)

102.2
(22.7)

89.9
(26.5)

128.5
(40.5)

109.4
(23.0)

145.1
(46.3) ns ns <0.01 ns 0.07 0.10 <0.001 ns

Triglycerides
(mg/dL)

138.8
(131)

61.1
(35.2)

105.7
(84.9)

65.9
(26.7)

140.6
(104.1) <0.01 ns <0.05 ns ns ns <0.01 0.09

GPT (U/L) 42.9
(49.9)

19.7
(7.1)

39.9
(33.3)

21.1
(10.8)

56.4
(38.2) ns ns ns ns ns ns <0.01 <0.01

GOT (U/L) 46.1
(37.5) 22.3 (5) 32.9

(23.2)
22.7

(17.9)
41.9

(22.9) ns ns ns <0.01 ns ns <0.01 <0.01

GGT (U/L) 41.8
(43.0)

17.1
(5.8)

46
(44.8)

20.6
(11.5)

109.5
(43.1) ns ns ns ns ns ns <0.05 <0.05

Abbreviations: DBP, diastolic blood pressure; SBP, systolic blood pressure. Data are presented as mean (standard
deviation) or percentages. An independent-samples Kruskal–Wallis test was applied for pairwise comparisons
between groups with Bonferroni correction for multiple testing. Pairwise comparisons of categorical variables
across groups were performed using Fisher’s exact test with Bonferroni correction. p values < 0.10 were reported.
ns, not significant.

As shown in Table 1, LD and age-matched N were younger than Ob patients and
presented significantly lower BMI and waist circumference than Ob. The overall metabolic
profile of LD patients appeared worse than those of N and MHO but comparable to MUHO
individuals, with special regard to HDL-C, triglycerides and liver enzymes concentrations
(Table 1).

Both MHO and MUHO had higher blood pressure levels than N, with MUHO also
showing a worse lipid profile and more elevated liver enzyme concentration. When
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compared to each other, MHO and MUHO did not significantly differ in BMI, waist
circumference and blood pressure, while liver enzyme levels were higher in MUHO.

3.2. Gut Microbiota

In this study, 41 fecal samples were analyzed, including 16 from healthy controls (N),
8 from LD patients, and 15 from Ob patients, of whom 7 were MHO and 8 were MUHO. A
total of 2476 amplicon sequence variants (ASVs) were identified across all samples. The
analysis was conducted in two stages: first, comparing LD individuals against the N and
the Ob groups; second, stratifying the Ob group based on metabolic status into MHO
and MUHO subgroups. Analysis of α-diversity revealed significantly lower diversity
in the LD group compared to the N group, based on the Observed and Chao1 indices
(p = 0.047), while no significant differences were found using the Shannon and Inverse
Simpson indices (Figure 1). A significant reduction in α-diversity was also observed in
the Ob group compared to the N group across all four indices (Observed p = 0.008, Chao1
p = 0.008, Shannon p = 0.024, Inverse Simpson p = 0.035). Upon stratification of the Ob
group, the MUHO subgroup showed significantly lower α-diversity compared to the N
group based on the Observed (p = 0.035) and Chao1 (p = 0.035) indices, but not with the
Shannon or Inverse Simpson indices (Supplementary Figure S1). The MHO group showed
significantly lower α-diversity compared to the N group using the Observed (p = 0.006),
Chao1 (p = 0.006), and Shannon (p = 0.02) indices, but not the Inverse Simpson index. No
significant differences were observed in the comparison between LD and Ob groups or
LD and MHO or MUHO subgroups. These results indicate that α-diversity is reduced
in individuals with lipodystrophy and obesity compared to healthy controls, in terms of
microbial richness, as reflected by the difference in the Observed and Chao1 indices. In
consideration of its different etiology, the analyses were repeated after excluding the subject
with acquired generalized lipodystrophy (as reported in Supplementary Table S1), yielding
consistent results .

Figure 1. Boxplots display α-diversity indices (Observed, Inverse Simpson, Chao1, and Shannon)
across N, LD, Ob groups. Each box represents the interquartile range (IQR), with the horizontal line
indicating the median. Whiskers extend to 1.5 times the IQR, and individual points represent sample
values. Statistical significance is denoted by asterisks (* p < 0.05, ** p < 0.01 ). Condition groups: N
(normal weight controls) in gray, LD (individuals with lipodystrophy) in blue, and OB (individuals
with obesity) in orange.

The β-diversity analysis indicates that the microbial composition in lipodystrophy
does not markedly deviate from that of N or Ob individuals (Figure 2). The lack of
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significant difference between the LD and the stratified MUHO and MHO groups is also
observed (Supplementary Figure S1).

Figure 2. Principal Coordinates Analysis (PCoA) plots illustrate microbial community composition
based on different β-diversity distance metrics across conditions. Each point represents a sample, and
ellipses indicate the 95% confidence interval for each condition. The percentage on each axis represents
the proportion of variance explained. Statistical significance (p-values) indicates differences between
groups. (A) PCoA based on Canberra distance (p = 0.0026). (B) PCoA based on weighted UniFrac
distance (p = 0.0107). (C) PCoA based on Unweighted UniFrac distance (p = 0.0011). (D) PCoA based
on Bray–Curtis distance (p = 0.0036). Condition groups: N (normal weight controls) in gray, LD
(individuals with lipodystrophy) in blue, and OB (individuals with obesity) in orange.

Furthermore, analysis of the Firmicutes/Bacteroidetes ratio does not highlight any sig-
nificant difference among all groups either considering the Ob individuals as a single group
or stratifying them as MUHO and MHO groups (Supplementary Figure S3). However, a
differential abundance analysis identifies interesting differences in microbial composition
at different levels (Table 2).

Table 2. Microbial taxa with significant abundance changes across different comparisons. ↑, increase;
↓, decrease.

Level Taxa LD vs. N LD vs. Ob LD vs. MHO LD vs. MUHO

Phylum Synergistota ↑ ↑ – –
Phylum Verrucomicrobiota – ↑ ↑ –
Phylum Euryarcheota – ↑ – –
Family Synergistaceae – ↓ – –
Family Burkholderiaceae – – – ↑
Genus Parasutterella ↑ – – –
Genus Cloacibacillus – – – ↑

The groups include N for normal weight, Ob for individuals with obesity, MHO for
individuals with metabolically healthy obesity, MUHO for individuals with metabolically
unhealthy obesity, and LD for individuals with lipodystrophy. Arrows indicate the direction
of change; ↑ means increased abundance; ↓ means decreased abundance;—means no
significant change.

At the phylum level, in the LD vs. N comparison, Synergistota was significantly
increased in LD individuals (p < 0.05). In the LD vs. Ob comparison, Synergistota, Verru-
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comicrobiota and Euryarchaeota exhibited a significant increase (p < 0.05). When stratifying
the Ob group, we observed that Verrucomicrobiota was significantly increased in LD patients
in comparison to MHO (p < 0.05) but not in comparison to MUHO individuals.

At the family level, a significant decrease in Synergistaceae (phylum Synergistota) was
observed in LD compared to Ob patients (p < 0.05). When further stratifying Ob individuals,
we observed a significant decrease in Burkholderiaceae (phylum Pseudomonadota) in LD
individuals compared to MUHO patients (p < 0.05).

At the genus level, a significant increase in Parasutterella was observed in the LD
when compared with N controls, while a significant decrease in Cloacibacillus (phylum
Synergistota, family Synergistaceae) was detected in LD individuals compared to MUHO
patients (p < 0.05).

4. Discussion
In this study, we compared LD with Ob patients (further classified as MHO or MUHO

based on metabolic status) and normal-weight controls. Our hypothesis was that, since
LD patients share similar metabolic impairments with Ob patients, they might also exhibit
comparable gut microbiota dysbiosis.

From a metabolic perspective, our findings confirm that, despite their distinct phe-
notypes, both LD and Ob patients share common metabolic impairments. In obesity,
subcutaneous adipose tissue plasticity and expandability can be limited over time by the
progression of adiposopathy [24], leading to free fatty acids spillover, ectopic fat deposition
and obesity-related metabolic complication development. This progression sets the pace of
the clinical transition from MHO to MUHO phenotypes [25]. Similarly, in LD, the absence
or reduction in subcutaneous adipose tissue forces the storage of surplus energy, further ex-
acerbated by hyperphagia due to low leptin levels [26], into visceral and other ectopic sites,
triggering lipotoxicity and insulin resistance [27]. In the liver, hyperinsulinemia promotes
de novo lipogenesis, inflammation, and cellular senescence, leading to metabolic-associated
steatotic liver disease (MASLD), which has now outreached alcohol-related and viral liver
diseases as the leading cause of chronic liver disease [28]. Thus, liver damage may serve as
a warning sign of metabolic impairment in both LD and Ob patients. Accordingly, in our
cohort, we found elevated liver enzymes levels in both LD and MUHO individuals but not
in MHO. The metabolic impairment observed in LD patients was more pronounced than in
N and MHO individuals, but comparable to that of MUHO individuals, also in terms of
HDL-C concentrations.

A growing body of evidence suggests that intestinal dysbiosis is associated with
metabolic diseases, even though the causal relationship between them has not been fully
elucidated. Dysbiosis consists of the loss of overall microbiota diversity and alteration in
its composition, promoting host energy homeostatic changes, low-grade inflammation [10],
and impairment of protection against harmful microorganisms [29], which may culminate
in predisposition to the development of insulin resistance and obesity [30], as demonstrated
by several microbiota transplantation experiments [31,32]. Importantly, gut microbiota
composition is strongly shaped by external factors, particularly diet and medication use.
Diets high in saturated fats and refined carbohydrates and low in fiber are associated with
reduced microbial diversity and pro-inflammatory profiles, whereas fiber-rich diets favor
taxa linked to metabolic health. Likewise, not only commonly prescribed medications,
including antibiotics, metformin, and proton pump inhibitors, but also food additives, such
as artificial sweeteners, can alter gut microbial composition [33]. These factors may act as
important modifiers or confounders in microbiota–metabolism associations and should be
considered when interpreting microbiome data. At the same time, this sensitivity to dietary
and pharmacological exposures underscores the gut microbiota as a modifiable therapeu-
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tic target, with microbiome-directed interventions representing promising strategies to
improve metabolic and inflammatory outcomes [34].

In this study, gut microbiota analysis indicates that α-diversity is reduced in indi-
viduals with lipodystrophy and obesity compared to healthy controls. More specifically,
α-diversity is significantly lower in LD compared to the N group, based on the Observed
and Chao1 indices (p = 0.047), but not on the Shannon and Inverse Simpson indices. A
similar α-diversity trend is observed when comparing the MUHO and N individuals,
whilst the MHO subgroup showed significantly lower α-diversity compared to the N for
the Observed (p = 0.006), Chao1 (p = 0.006), and Shannon (p = 0.02) indices, but not for the
Inverse Simpson index. The lack of significant differences in the Inverse Simpson index, a
metric more sensitive to dominant taxa than to overall richness, indicates that dominant
taxa remain relatively stable across conditions. It is likely that differences in microbial
composition may be primarily driven by shifts in rare taxa rather than changes in the most
abundant species. This result is confirmed by the Shannon index, that is weakly significant
only for the MHO and N comparison, indicating that microbial evenness remains relatively
stable, even as species richness declines, suggesting a variation in rare taxa while the
relative abundance of the dominant species remains stable. Overall, these findings high-
light metabolic health status as a key determinant of microbial richness, while microbial
evenness remains relatively unaffected. The reduction in α-diversity observed primarily
in richness-based metrics (Observed and Chao1), together with the limited changes in
Shannon and Inverse Simpson indices, suggests that the overall structure of dominant taxa
may remain relatively preserved, whereas less abundant members of the community could
be preferentially depleted. This pattern is consistent with a loss of microbial “reservoir”
diversity that may reduce ecosystem resilience and functional redundancy, which are fea-
tures that have been linked to metabolic dysfunction and low-grade inflammation. Notably,
α-diversity comparisons were performed using non-parametric tests (Kruskal–Wallis with
post hoc Wilcoxon tests), which do not allow adjustment for age and sex; therefore, residual
confounding by age cannot be completely excluded when interpreting α-diversity results.

The β-diversity analysis shows an absence of significant differences between LD and
either N or Ob group. This finding suggests that variation in microbial richness, highlighted
by difference in α-diversity, may not necessarily translate into significant compositional
differences between groups. Thus, β-diversity metrics, particularly UniFrac and Bray–
Curtis distances, are mainly influenced by the most abundant taxa. This comparison was
evaluated using PERMANOVA including age and sex as covariates, thereby reducing
potential confounding due to the older age of the obesity groups.

It is worth mentioning that, among the investigated groups, there is not a significant
difference in the Firmicutes/Bacteroidetes ratio. It is likely that compositional changes
at genus or species level may be more relevant than the Firmicutes/Bacteroidetes ratio
for association with a given health condition [13]. In any case, our data indicates that the
Firmicutes/Bacteroidetes ratio cannot be used as a microbial biomarker to distinguish
metabolically unhealthy from healthy individuals. In line with our data, in the only
previous study that evaluated gut microbiota diversity in 17 patients with congenital
generalized lipodystrophy, α-diversity was found reduced compared to controls, while
no significant differences were observed in β-diversity or in the Firmicutes/Bacteroidetes
ratio [17].

The differential abundant analysis revealed significant variations in microbial com-
position across LD, N, and Ob individuals. A notable observation was the increased
abundance of Synergistota in LD individuals compared to N and Ob groups. This phy-
lum has been linked to inflammatory conditions, and its presence in LD individuals may
reflect microbiome adaptations to metabolic disturbances associated with lipodystrophy,
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which is characterized by severe insulin resistance, ectopic fat accumulation, and systemic
inflammation. When further stratifying Ob individuals into MHO and MUHO groups,
Synergistota remained significantly higher in LD compared to MHO and similar to MUHO
individuals. This suggests that Synergistota is not merely associated with obesity but may be
more closely linked to metabolic dysfunction and inflammatory processes. The similarity
in Synergistota abundance between LD and MUHO individuals reinforces the idea that this
phylum may thrive in environments characterized by systemic metabolic disturbances.
Supporting this notion, previous research has reported an increased presence of Synergistota
in individuals with diabetic retinopathy, which is a condition closely linked to insulin
resistance and systemic inflammation [35].

Another key finding was the increased presence of Verrucomicrobiota in LD individuals
compared to Ob individuals, and, in particular, to the MHO subgroup. This phylum is
largely driven by Akkermansia muciniphila, a mucus-associated commensal that has been
linked to improved gut barrier integrity and metabolic/inflammatory regulation [36]. Con-
sistently, A. muciniphila is reported to be reduced in uncomplicated obesity [37,38], and
the reduced abundance of Verrucomicrobiota in Ob (including both MHO and MUHO)
may indicate a loss of potentially protective microbial functions [39,40]. However, in
states of severe metabolic derangement and dysbiosis (e.g., LD and complicated obesity),
an increased representation of mucus-degrading taxa may also reflect barrier stress; in
particular, low-fiber–associated mucus erosion has been linked to thinning of the mucus
layer and increased epithelial vulnerability [41], and experimental over-colonization of
A. muciniphila has been shown to reduce mucus thickness and impair tight junction/barrier
markers [42,43]. Because mucus fermentation contributes to short-chain fatty acid (SCFA)
production [44], and microbiota-derived acetate can fuel hepatic de novo lipo-genesis in
specific dietary/metabolic contexts [45], the enrichment of mucus-degrading taxa may have
adverse downstream metabolic consequences in dysbiotic states. Thus, the relative enrich-
ment of Verrucomicrobiota observed in LD should be interpreted cautiously as a potential
maladaptive dysbiotic feature rather than unequivocally protective [43]. The concurrent re-
duction in Euryarchaeota, which includes methanogenic archaea such as Methanobrevibacter,
in Ob individuals compared to LD suggests potential alterations in microbial fermentation
and energy extraction that may influence obesity-related metabolic changes.

The increased abundance of Synergistaceae, a family within Synergistota, in Ob individ-
uals compared to LD suggests that the gut microbiome may undergo adaptive changes
in response to the altered metabolic environment of obesity. The increased presence of
Burkholderiaceae in MUHO individuals, compared to LD, highlights a potential microbial
signature associated with metabolically unhealthy obesity. Burkholderiaceae, which belongs
to Pseudomonadota (formerly Proteobacteria), has been associated with systemic inflammation
and metabolic disorders [46,47].

At the genus level, the increased abundance of Parasutterella in LD individuals com-
pared to N suggests a potential microbial signature linked to bile acid metabolism and gut
homeostasis, which are processes that could influence lipid and glucose homeostasis in
lipodystrophy [48,49]. Conversely, the increased presence of Cloacibacillus in MUHO indi-
viduals compared to LD may indicate a shift toward a more inflammatory microbial profile.
Cloacibacillus, an anaerobic bacterium from the Synergistaceae family, has been associated
with inflammatory and dysbiotic gut environments, supporting the idea that metabol-
ically unhealthy obesity is characterized by a microbiome profile that may exacerbate
metabolic dysfunction.

Taken together, these findings suggest that LD individuals have a distinct gut micro-
biome signature that differentiates them from both normal-weight persons and individuals
with obesity, with microbial alterations that may be linked to metabolic dysfunction rather
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than obesity per se. While our results provide further evidence of an association between
gut microbiota alterations and metabolic impairment, several aspects warrant further inves-
tigation. Future research should integrate multi-omics approaches, including metabolomics,
to characterize host–microbe metabolic interactions, and employ functional profiling via
metagenomics and metatranscriptomics to move beyond taxonomic associations, identify-
ing pathways relevant to metabolic and inflammatory regulation [50]. The gut microbiota’s
responsiveness to environmental factors also highlights its potential as a therapeutic tar-
get [34]. Microbiome-directed interventions, such as dietary modulation, prebiotics or
probiotics, may improve metabolic health also in congenital diseases like LD, but longitudi-
nal and interventional studies are needed to establish causality, identify responders, and
confirm long-term efficacy and safety of such interventions.

Finally, some limitations of this study should be acknowledged. First, the small
sample size of participants with LD reflecting the rarity of the disease limits statistical
power. In addition, the inclusion of different LD variants precluded subtype-specific
analyses. Larger cohorts will be required to determine whether distinct LD subtypes exhibit
unique metabolic or gut microbiota profiles. Increasing the sample size would also enable a
more robust comparison of gut microbiota similarity between LD and MUHO versus MHO.
Second, although the gut microbiota is relatively stable during adulthood after early-life
establishment and is largely influenced by environmental factors such as diet, metabolic
status, lifestyle, and by comorbidities [51], age-related effects cannot be fully excluded.
Future studies employing age-matched cohorts and longitudinal design will be necessary
to disentangle the independent contribution of age to gut microbiota alterations. Finally,
the cross-sectional design limits causal inference; therefore, it is not possible to determine
whether differences in metabolic status are a consequence of gut microbiota composition or
vice versa.

5. Conclusions
In our study, we analyzed metabolic aspects and gut microbiota composition in

individuals with lipodystrophy, comparing them to individuals with obesity and normal-
weight controls. Our findings confirm that, despite their distinct phenotypic characteristics,
individuals with lipodystrophy exhibit metabolic impairments similar to those observed in
MUHO individuals.

Gut microbiota analysis revealed a reduction in microbial diversity (α-diversity2 in
both LD and Ob compared to normal-weight controls but absence of significant differences
in β-diversity between LD and either N or Ob group, suggesting that metabolic dysfunction
is more linked to the loss of microbial diversity rather than to specific compositional changes.
Moreover, the Firmicutes/Bacteroidetes ratio, often considered a metabolic health marker,
did not prove to be a reliable discriminator in our study population.

In conclusion, the relationship between gut microbiota and metabolism is complex
and multifactorial and cannot be reduced to a single ratio or parameter. The role of
specific taxa, such as Verrucomicrobiota (particularly Akkermansia muciniphila) warrants
further investigation to assess their potential impact on metabolic health. Beyond microbial
composition, it is essential to explore the functional profile of the microbiota by analyzing
microbial-derived metabolites (e.g., short chain fatty acids and lipopolysaccharide) and
their effects on inflammation, lipid metabolism, and insulin sensitivity to better understand
the development of adiposopathy both in lipodystrophy and obesity. Larger studies would
be needed to allow for a more precise characterization of different lipodystrophy subtypes.
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