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ABSTRACT

Background: BMI remains the dominant clinical index of obesity, but does not resolve adipose molecular programs that distinguish metabolic
resilience from vulnerability.

Methods: Among 1,479 available human visceral adipose RNA-seq profiles, 1,298 samples from individuals with BMI 30—60 were included in
the primary modeling cohort. Using BMI as a phenotypic anchor, we fit a LASSO regression model to derive transcriptome-predicted BMI and
applied the resulting BMI-anchored transcriptomic model to mouse selection lines with divergent obesity phenotypes. In humans, directional
discordance between measured and predicted BMI was used to define transcriptome-derived metabolically healthy obesity-like (MHO-like) and
metabolically unhealthy obesity-like (MUO-like) states and to characterize pathophysiologic variation beyond measured BMI.

Results: Model-selected genes converged on immune, metabolic, mitochondrial, growth, structural-remodeling, and proteostasis programs.
Cross-species application showed that BMI-anchored transcriptomic scores more closely tracked adipose-tissue content than body-size
condition factor, distinguishing lipid-anabolic and inflammatory features of obesity-prone DU6 mice from the oxidative-catabolic phenotype
of DU6P mice characterized by increased muscle mass. Gene-level associations with the transcriptomic score mirrored DU6-associated
expression changes, linking the cross-species axis to an obesity-vulnerable adipose state. In humans, MHO-like individuals showed
enhanced mitochondrial energy-production programs and more favorable glycemic and lipid profiles, whereas MUO-like individuals showed
stress-adaptive metabolic remodeling and greater cardiometabolic medication use. In a separate, non-overlapping validation cohort, projection
onto the primary-cohort PCA space retained a signal associated with insulin resistance that remained essentially unchanged after adjustment
for sex.

Conclusions: These findings support a conserved adipose transcriptomic axis linking oxidative metabolic resilience to healthier obesity and

lipid-inflammatory remodeling to metabolic vulnerability.
© 2026 The Authors. Published by Elsevier GmbH. This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-nc/4.0/).
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1. INTRODUCTION and metabolic dysfunction-associated steatotic liver disease, rank

among the leading causes of morbidity and mortality worldwide [1].
Obesity and its closely related cardiometabolic comorbidities, e.g. Beyond these disorders, obesity substantially contributes to other
cardiovascular disease, type 2 diabetes mellitus (T2D), hypertension, major causes of death [2], including cancer [3], neurodegenerative
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diseases [4], and chronic kidney disease [5]. However, obesity is not a
biologically uniform condition. Individuals with excess adiposity can
differ substantially in metabolic status, disease susceptibility, and
clinical course [6,7].

Overweight and obesity are defined as abnormal or excessive body fat
accumulation that poses a health risk; a body mass index (BMI)
>25 kg/m2 is considered overweight and >30 kg/m2 is classified as
obesity [8]. However, BMI can both under- and overestimate adiposity
and provides inadequate information about individual health risk
[9,10]. Individuals with similar BMI, or even similar body-fat per-
centage, can exhibit markedly different cardiometabolic profiles
[11,12]. The “personal fat threshold” hypothesis posits that the car-
diometabolic impact of weight depends on each person’s capacity for
safe fat storage, thereby explaining obesity-related heterogeneity,
such as in T2D [13,14]. Nonetheless, BMI remains the dominant
framework for defining obesity in both clinical and research settings
[9,10], underscoring the need for molecular approaches that better
capture the underlying biology of adipose tissue and its contribution to
metabolic health.

Murine models have been pivotal for discoveries in metabolism and
aging, yet identifying systems that recapitulate human metabolic
heterogeneity remains challenging. This challenge is compounded by
the limited availability of cross-species transcriptional frameworks
that directly connect human obesity heterogeneity with experimen-
tally tractable animal biology [15,16]. The non-inbred DU6 mouse is a
particularly informative model of obesity [17]. DU6 was derived from a
polygenic founder population (FZTDU) established in 1969/1970 by
crossing four outbred strains with four inbred strains; selection for
high body mass at six weeks began in 1975 with 60—80 mating pairs
per generation, while an unselected control line was maintained
throughout [18]. Adult DU6 mice average ~110 g—substantially
heavier than control FZTDU mice (~44 g)—and accumulate ~ 4%
intra-abdominal fat versus ~ 1% in controls. DU6 mice exhibit mul-
tiple cardiometabolic abnormalities characteristic of metabolically
unhealthy obesity (MUO) [19]. In contrast, the related mouse line
DUGP, selected for high protein mass at six weeks, shows a “giant yet
lean” phenotype with high muscle content [18,20]. These opposing
phenotypes provide a tractable system to disentangle adipose tissue-
driven lipid accumulation from lean-mass accrual.

To investigate whether obesity-related molecular states are
conserved across species, we developed a BMI-anchored tran-
scriptomic model using visceral adipose tissue gene-expression
profiles from 1,298 human patients, using BMI as a practical
training anchor (Fig. 1A). We focused on visceral adipose tissue (VAT)
because this depot is closely linked to cardiometabolic disease,
systemic metabolic regulation, and adipose inflammation, making it
particularly well suited for interrogating molecular heterogeneity in
obesity [21—23]. We then extended it across species by mapping
high-confidence orthologous genes to adipose tissue samples from
three well-characterized mouse lines: DU6 (obese-prone), DU6P
(lean/protein-prone), and FZTDU (unselected control). This framework
leverages adipose tissue transcriptomes to test whether conserved
molecular programs differentiate  metabolically unhealthy from
healthier obesity states and to probe mechanisms underlying lipid
accumulation versus oxidative efficiency.

2. RESULTS

Construction, stability, and functional annotation of the BMI-anchored
transcriptomic model.

To investigate molecular mechanisms underlying obesity progression,
we established a BMI-anchored transcriptomic model from visceral
adipose tissue RNA-sequencing profiles. RNA-sequencing data from
1,298 human visceral adipose tissue samples from individuals with
30 < BMI <60 kg/m3 were used as input features (Fig. S1), with
measured BMI serving as the response variable. BMI was selected
because it is routinely collected and clinically relevant, whereas other
metabolic parameters contained substantial missing data and were
therefore less suitable as a common phenotypic anchor. Rather than
developing a clinically deployable BMI prediction model, we used BMI
as a practical and widely available quantitative anchor to derive a
transcriptomic representation of obesity-related variation. The LASSO
regularization parameter was selected to preserve BMI-related rank
structure, targeting a Spearman’s p of approximately 0.8 between the
predicted and measured BMI. At the selected regularization parameter
(a0 = 0.123), 458 of the 16,042 candidate orthologous genes retained
non-zero coefficients. The resulting predicted BMI served as a BMI-
anchored transcriptomic representation for subsequent analyses
(Fig. 1A).

We next evaluated the robustness of gene selection to perturbation of
the modeling cohort by repeatedly refitting the model using 40—90%
of the 1,298 participants. With o fixed at 0.123, genes belonging to
the primary 458-gene set were consistently reselected more
frequently than the remaining candidate genes across all sampling
fractions (Fig. 1B and Supplementary Methods). The mean reselection
probability of primary-model genes increased from 20.1% at 40%
subsampling to 65.6% at 90% subsampling, whereas the corre-
sponding mean for non-primary genes remained low, ranging from
approximately 1.0%—1.6%. Because use of a fixed o can change
model sparsity as sample size varies (Fig. S2), we repeated the
analysis while adjusting o to approximately match the number of
selected genes in the primary model. Under this matched-sparsity
condition, the same pattern was retained: mean reselection proba-
bility of primary-model genes increased from 22.6% at 40% sub-
sampling to 65.6% at 90%, whereas non-primary genes remained
infrequently selected, with mean probabilities of approximately 1.0—
2.3% (Fig. 1C and Supplementary Methods). Thus, preferential
reselection of primary-model genes was observed under both fixed-o
and sparsity-controlled subsampling.

We next examined whether the observed gene-selection pattern
depended on the specific regularization setting used for the primary
model (Supplementary Methods). Across 81 o values yielding training
Spearman’s p values between 0.7 and 0.9, the number of selected
genes ranged from approximately 311 to 658. Across the full set of 81
models, 703 unique genes were selected at least once. Primary-
model genes were strongly concentrated among the most consis-
tently selected features: 281 of the 458 primary genes retained non-
zero coefficients at every examined o value, whereas none of the 245
non-primary genes selected under at least one alternative setting
were selected across the complete regularization range (two-sided
Fisher’s exact p-value = 2.25 x 10773 Fig. 1D). Together, these
analyses indicate that the primary model captures a preferentially
selected transcriptomic feature set that is robust to both perturbation
of cohort composition and variation in regularization.

To assess the biological interpretability of the model-selected genes,
we performed gene set enrichment analysis (GSEA) to examine
whether these data-driven features converged on coherent biological
programs, including pathways related to obesity and metabolism.
Enriched Gene Ontology (GO) terms were subsequently grouped into
functional themes (Supplementary Methods), and their normalized
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Figure 1: Construction, stability, and functional characterization of the BMI-anchored transcriptomic model. (A) Schematic overview of the study workflow. A BMI-
anchored transcriptomic model was developed from human VAT RNA-seq data and subsequently applied to perform cross-species projection in mouse adipose tran-
scriptomes, characterize human obesity heterogeneity, and evaluate a separate insulin-sensitivity cohort. (B) Gene-level selection-frequency distributions using fixed o.. For each
gene, selection frequency was defined as the proportion of 500 iterations in which its LASSO coefficient was non-zero. Distributions are shown separately for the 458 primary
model-selected genes and the remaining 15,584 candidate genes. Internal lines indicate the 25th, 50th, and 75th percentiles, and d denotes Cohen’s d for the difference
between the two distributions. Differences in selection-frequency distributions were assessed using two-sided Mann—Whitney U tests, with p-values adjusted across the six
sampling fractions using the Holm method. Primary model-selected genes showed markedly higher selection frequencies at every sampling fraction (all Holm-adjusted p-values
<1.1 x 1072%)._ (C) Corresponding gene-level selection-frequency distributions after approximately matching model sparsity to the 458-gene primary model. Statistical
comparisons were performed as in b, and primary model-selected genes again showed substantially higher selection frequencies than other candidate genes across all sampling
fractions (all Holm-adjusted p-values <7.4 x 10~%%). (D) Gene-selection stability was evaluated across 81 LASSO regularization parameters yielding training Spearman’s p
values between 0.7 and 0.9. For each gene selected under at least one of these settings, selection frequency was defined as the proportion of o values at which the gene
retained a non-zero coefficient, and genes were ranked accordingly. Genes selected in the primary model (o = 0.123; 458 genes, corresponding to Spearman’s p = 0.8) are
outlined in red, whereas all other selected genes are shown in gray. Of the 458 primary-model genes, 281 were selected at every examined o value, compared with none of the
245 non-primary genes (two-sided Fisher’s exact test, p-value = 2.25 x 1077% OR — o because no non-primary gene had a selection frequency of 1). (E) Functional
enrichment of genes selected by the BMI-anchored transcriptomic model. Enriched Gene Ontology biological processes were grouped into higher-order functional categories. The
relative enrichment contribution of each category was calculated as the sum of NES values for all GO terms assigned to that category divided by the summed NES values across

all terms, expressed as a percentage.
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enrichment scores (NES) were used to quantify the relative contri-
bution of these functional categories (Fig. 1E and Fig. S3).

The functional annotation identified contributions from obesity/
adiposity (5.5%) and immune/inflammatory (10.7%) processes,
including cytokine regulation, adipose tissue inflammation, and
glucose-responsive pathways, highlighting the close interplay be-
tween immune signaling and adipose metabolic regulation. Metabolic
programs included lipid metabolism/catabolism (2.9%) and other
metabolic processes (6.5%), encompassing lipid-handling, poly-
amine, and nucleotide-associated pathways. Additional functional
themes involved energy production/consumption (3.3%), the GH—IGF
axis (4.7%), cell cycle/division (5.7%), development/signaling (5.1%),
and cytoskeleton/adhesion (10.5%), collectively representing cellular
energetics, hormone signaling, proliferation, and structural remodel-
ing. Autophagy/protein quality control accounted for a further 10.3%
of the functional enrichment contribution.

Overall, the BMI-anchored model identified transcriptomic features
that retained preferential selection across complementary stability
analyses and converged on coherent biological programs spanning
immune regulation, metabolism, mitochondrial energetics, growth,
proteostasis, and structural remodeling. These findings support the
use of the selected transcriptomic features as a biologically organized
representation of BMI-associated adipose variation for the subsequent
cross-species and human heterogeneity analyses.

2.1. Application of the model to mouse lines with divergent
obesity phenotypes

To assess the cross-species relevance of our model, we applied it to
transcriptomic data of epigonadal adipose tissue from three well-
characterized mouse selection lines: DUB, selected for high body
weight; DUGP, selected for high protein mass; and FZTDU, the un-
selected control. The condition factor (CF), calculated as body weight
(g)/body length (cm)3, ranked DU6 = DU6P > FZTDU (Fig. 2A). In
contrast, the group mean values of relative white adipose tissue
content followed the order DU6 > DUBP = FZTDU (Fig. 2A), revealing
a discrepancy between gross phenotype (CF) and adipose tissue
composition. Consistent with this divergence, independent histologi-
cal analyses performed in a separate cohort showed adipose
morphological differences among the mouse lines, including adipo-
cyte hypertrophy and inflammatory remodeling in DU6 (Supplemen-
tary Information and Fig. S4).

When the BMI-anchored transcriptomic model was applied to mouse
adipose transcriptomes, the resulting BMI-anchored transcriptomic
scores ranked DU6 > DU6P = FZTDU (Fig. 2B), matching the order of
epigonadal white adipose content more closely than the order of CF.
This indicates that the BMI-anchored transcriptomic score is more
strongly aligned with adipose tissue content than with body-size
measures in these mouse lines. Sensitivity analyses using alterna-
tive BMI ranges for human model construction showed that the
characteristic elevation of the DU6 score was preserved when par-
ticipants with BMI <30 kg/m3 were included and when the upper BMI
restriction was removed (Fig. S5). Thus, the BMI-anchored tran-
scriptomic score shows a pattern more closely aligned with adipose
tissue composition than with condition factor across the three mouse
lines.

2.2. Opposing lipid-anabolic and oxidative-catabolic states define
DU6 and DUGP along the BMI-anchored transcriptomic axis

To determine whether the BMI-anchored transcriptomic model cap-
tures biologically meaningful distinctions in obesity states, we first
performed Gene Set Enrichment Analysis (GSEA) to assess broad

functional trends between DU6 (obese-prone) and DUGP (lean/protein-
prone) mice.

Enrichment profiles revealed contrasting transcriptional programs
between the two lines (Fig. 3A and Figs. S6 and S7). Relative to DU6P,
DUG showed stronger enrichment of immune/inflammatory pathways,
including cytokine regulation, leukocyte migration, and mast cell
degranulation, alongside broad activation of cell cycle/division pro-
cesses, consistent with comparatively greater inflammatory activation
and proliferative remodeling. By contrast, DU6P showed relative
enrichment of growth and tissue regulation, dominated by energy
production/consumption and development/signaling processes.
Additional enrichment of lipid metabolism/catabolism and other
metabolism in DUBP suggested metabolic flexibility, whereas im-
mune/inflammatory and cell cycle/division were notably absent.
Together, these findings indicate a functional divergence between the
two lines, with DUG biased toward immune and proliferative programs
and DU6P biased toward energetics- and development-associated
programs.

Because GSEA captures distributed transcriptome-wide signals, we next
performed up-regulated differentially expressed gene (DEG) enrichment
analysis to obtain sharper resolution of functional modules (Fig. 3B,
Table S1, and Supplementary Methods). Genes identified by DESeq2
with an adjusted p-value <0.05 and log2 fold change >0 were defined
as up-regulated DEGs. This analysis revealed opposing metabolic pro-
grams between the two lines. In DUB, lipid synthesis and storage
pathways were strongly enriched (OR = 76.5, p-value = 3.8 x 10‘”),
consistent with an anabolic program favoring lipid accumulation. In
DUGP, enrichment was dominated by oxidative metabolism, including
multiple respiratory chain complexes: Complex | (OR = 28.4, p-
value = 3.75 x 107'2), Complex Il (OR = 27.1, p-value = 0.05),
Complex Il (OR = 69.0, p-value = 1.13 x 10‘7), Complex IV structural
components (OR = 31.8, p-value = 2.0 x 10*6) and assembly factors
(OR = 10.9, p-value = 0.02), and Complex V/ATP synthase (OR = 27.7,
p-value = 3.5 x 10‘7). DUGP was also enriched in mitochondrial ri-
bosomal proteins (OR = 5.57, p-value = 2.8 x 10*3), mitochondrial
translational activators (OR = 30.7, p-value = 2.8 x 10*4), and
mitochondrial ~ regulatory machinery (OR = 153, p-
value = 2.1 x 1077), defining a strong OXPHOS-centered program.
Furthermore, DUGP exhibited expanded fatty acid oxidation (FAO) ca-
pacity, encompassing mitochondrial FAO enzymes, ETF coupling factors,
and peroxisomal biogenesis (OR = 20.3, p-value = 2.9 x 10*8),
underscoring a broad oxidative orientation. Analysis of the growth hor-
mone (GH) signaling axis provided an additional discriminant feature.
While the strict GH core set showed no significant difference between
lines, the extended GH axis—incorporating downstream metabolic
effectors—was significantly enriched in DU6P (OR = 13.7, p-
value = 3.5 x 10*4) but not in DU6 (OR = 11.2, p-value = 0.09). This
suggests that GH-axis-associated transcriptional regulation is more
strongly represented in DU6P and may be linked to its enhanced
oxidative program.

To test whether these opposing transcriptional states were also
aligned with the BMI-anchored transcriptomic axis at the gene level,
we compared differential-expression effect sizes with gene-wise
correlations with BMI-anchored transcriptomic score across all
three pairwise mouse-line contrasts (Fig. 3C). Strong positive
concordance was observed for differential gene expression patterns
involving DU6: log2 fold changes were positively associated with
Spearman correlation coefficients in both DU6 vs DUBP (Pearson
r = 0.406; Spearman’s p = 0.552) and DU6 vs FZTDU (Pearson
r = 0.385; Spearman’s p = 0.602). In contrast, DU6P vs FZTDU
showed only minimal association (Pearson r = 0.066; Spearman’s
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Figure 2: Phenotypic and molecular divergence among DU mouse lines. (A) Boxplots showing the distribution of the condition factor (g/cm®) and normalized white adipose
tissue (WAT) weights, calculated as depot weight divided by total body weight, from the inguinal and epigonadal depots across the mouse lines DU6, FZTDU, and DU6P. Mouse
lines are ordered as follows: DU6 (obesity-prone), FZTDU (control), and DUGP (bred for increased protein mass). Pairwise comparisons were performed using two-sided Wilcoxon
rank-sum tests. P-values were adjusted separately within each phenotype for the three pairwise comparisons using the Holm—Bonferroni method; adjusted p-values are shown
in the figure. (B) Cross-species projection of the BMI-anchored transcriptomic model. Each point represents an individual human VAT sample (BMI 30—60, n = 1,298) and
adipose tissue from the mouse lines DUB, FZTDU, and DU6P, and the x-axis indicates the BMI-anchored transcriptomic score. Boxplots summarize group distributions, and effect
sizes (Cohen’s d) are shown for pairwise comparisons. Pairwise comparisons were performed using two-sided Wilcoxon rank-sum tests, with p-values adjusted for the three
pairwise comparisons using the Holm—Bonferroni method. Adjusted p-values are shown in the figure. The BMI-anchored transcriptomic score ranking (DU6 > FZTDU = DU6P)
mirrors adipose-tissue accumulation rather than body size, while aligning with the human visceral reference distribution.

p = 0.087). This pattern indicates that the BMI-anchored tran-
scriptomic axis does not simply reflect generic inter-line divergence,
but preferentially tracks the molecular program associated with the
DU6 state. Thus, the mouse analysis provides cross-species support
that the BMI-anchored transcriptomic model captures a conserved
adiposity-related state. In this framework, DU6 corresponds to the
obesity-vulnerable, lipid-anabolic pole of the model, whereas DU6P
corresponds to an oxidative-catabolic and metabolically resilient
counter-state.

Taken together, these analyses identify DU6 and DU6P as two
opposing adipose tissue transcriptional configurations: one biased
toward lipid accumulation, inflammatory remodeling, and obesity
vulnerability, and the other toward mitochondrial function, substrate
oxidation, and metabolic resilience. The strong alignment of the BMI-
anchored transcriptomic axis with differential gene expression pat-
terns involving DU6 further supports the conclusion that this cross-
species transcriptomic model captures a biologically meaningful
obesity-related state rather than reflecting nonspecific inter-line dif-
ferences, and suggests that the model may be especially useful for
interrogating pathogenic adiposity and molecular remodeling asso-
ciated with obesity progression.

2.3. Transcriptomic discordance between measured and

predicted BMI stratifies MHO-like and MUO-like obesity states

To explore the utility of our BMI-anchored transcriptomic model in
understanding obesity heterogeneity, we examined directional
discordance between predicted and measured BMI across partici-
pants. According to the LOWESS-based framework described in the
Methods (Fig. 4A), individuals whose measured BMI was higher than
expected from their predicted BMI were classified as transcriptome-
derived metabolically healthy obesity—like (MHO-like), whereas those
whose measured BMI was lower than expected from their predicted
BMI were classified as transcriptome-derived metabolically unhealthy
obesity—like (MUO-like). These designations reflect transcriptome-
derived resemblance to relatively metabolically favorable or unfa-
vorable obesity states and do not represent conventional clinical di-
agnoses of MHO or MUO. This framework therefore identified
participants whose gene expression-derived BMI predictions were
discordant with their measured BMI. MHO-like participants had a
measured BMI higher than expected from their predicted BMI,
consistent with a relatively favorable molecular profile despite

elevated BMI. In contrast, MUO-like participants had a measured BMI
lower than expected from their predicted BMI, consistent with a
comparatively adverse molecular profile.

Analysis of up-regulated genes in MHO-like patients revealed
enrichment dominated by energy production/consumption (55%),
suggesting strong signals in mitochondrial energetics, including
oxidative phosphorylation and ATP synthesis—coupled electron
transport (Fig. 4B and Fig. S8). Secondary contributions were cate-
gorized as other metabolism, including RNA biosynthesis, intracellular
sodium ion homeostasis, and nucleic acid metabolism. Together,
these results suggest that MHO-like patients maintain an enhanced
capacity for mitochondrial energy production and metabolism,
reflecting coordinated growth and metabolic efficiency.

In contrast, the MUO-like profile displayed a distinct enrichment
pattern characterized by broad transcriptional remodeling (Fig. 4B and
Fig. S9). The strongest enrichment was observed in other metabolism,
which included RNA processing and oxoacid and nucleotide meta-
bolism. Substantial signals were also detected in autophagy/protein
quality control, reflecting activation of proteostatic and stress-
adaptive mechanisms, and in lipid metabolism/catabolism, repre-
sented by pathways such as fatty acid -oxidation. Collectively, these
results indicate that genes up-regulated in MUO-like patients pri-
marily participate in metabolic regulation, proteostasis, and lipid
catabolism that support stress adaptation and tissue remodeling.
Moreover, clinical parameters were broadly consistent with these
molecular distinctions (Fig. 4C). MHO-like individuals exhibited
significantly ~ lower fasting plasma glucose (FPG, p-
value = 2.7 x 1075 and triglycerides (p-value = 5.0 x 10~7), along
with higher HDL-cholesterol (p-value = 8.7 x 10~°), indicating their
more favorable glycemic control and lipid handling. In contrast, MUO-
like participants showed higher glycated hemoglobin (HbAlc, p-
value = 4.5 x 10~7). Cardiometabolic medication use was also more
frequent in MUO-like group, including acetylsalicylic acid (ASS,
OR = 6.45, p-value = 0.001), beta blockers (OR = 2.94, p-
value = 2.8 x 10’3), and diuretics (OR = 2.43, p-value = 0.002).
Together, these findings support the transcriptome-based stratifica-
tion and further highlight the physiological and metabolic heteroge-
neity within obesity.

We further evaluated the model in a separate, non-overlapping LOBB
validation cohort characterized for insulin resistance. To assess
whether the transcriptomic structure represented by the model-
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selected genes was preserved, we first performed principal compo-
nent analysis using the model-selected genes in the primary cohort.
The insulin-resistance—characterized samples were then projected
onto this fixed PCA reference space using the loadings derived from
the primary cohort. In this projected space, PC1 significantly distin-
guished insulin-resistant from insulin-sensitive individuals (Fig. 4D).
Insulin-resistant individuals showed higher projected PC1 scores, with
a moderate effect size (Cohen’s d = 0.54) and statistical support from
both Welch’s t-test (p-value = 0.02) and the Mann—Whitney U test
(p-value = 0.03). In parallel, the same LOWESS-based discordance
framework was applied independently within the validation cohort,
using quartile rather than decile standardization because of the
smaller sample size. Lower quartile-standardized scores were
directionally associated with higher odds of insulin resistance
(OR = 0.645, 95% Cl 0.359—1.156, p-value = 0.14), consistent with
a more MUO-like state, although this association did not reach

statistical significance. These analyses in the separate validation
cohort suggest that the model-derived transcriptomic structure re-
tains a modest but biologically relevant signal related to insulin
resistance and metabolic vulnerability.

Together, these findings support a coherent model of obesity-related
metabolic heterogeneity. In the primary human cohort, transcriptome-
based stratification separated individuals with MHO-like obesity from
those with MUO-like obesity, a distinction further supported by sig-
nificant differences in clinical and biochemical parameters. Evaluation
in the separate LOBB validation cohort further showed that the
primary-cohort-derived PCA reference space preserved a detectable
signal related to insulin resistance, while the discordance analysis
performed within the validation cohort showed a directionally
consistent relationship with insulin resistance status. Thus, unlike
conventional obesity stratification based primarily on measured BMI,
the transcriptome-based model captures a biologically meaningful
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Figure 3: Comparative functional enrichment and mitochondrial pathway profiles in DU mouse lines. (A) Radar plot showing the relative enrichment contribution of
functional categories between DU6 and DU6P lines. Categories include immune/inflammatory, cell cycle/division, other metabolism, development/signaling, energy production/
consumption, lipid metabolism/catabolism, cytoskeleton/adhesion, autophagy/protein quality control, GH—IGF axis, obesity/adiposity, and miscellaneous. DU6 and DU6P exhibit
distinct enrichment patterns, highlighting differential metabolic and signaling profiles. The relative enrichment contribution of each category was calculated from the proportional
sum of NES values of functions within that category relative to the total NES. (B) Boxplots showing the read-count distributions of up-regulated differentially expressed genes
(DEGs) assigned to representative mitochondrial and metabolic functional modules, including oxidative phosphorylation complexes (I—V), mitochondrial ribosomal proteins and
translational activators, mitochondrial regulatory machinery, fatty-acid oxidation, and lipid synthesis and storage. Comparisons reveal a marked shift toward oxidative and
catabolic pathways in DU6P, contrasting with the more anabolic and lipid-storage—oriented profile of DU6. (C) Scatter plots showing gene-level concordance between gene-
expression correlation with the BMI-anchored transcriptomic score and differential expression across pairwise comparisons among DU6, DU6P, and FZTDU. The x axis indicates
differential expression (log2 fold change, log2FC), and the y axis shows the corresponding Spearman correlation coefficient with the BMI-anchored transcriptomic score. Genes
with | log2FC | < 1 are shown in light grey. Genes with |log2FC|>1 are colored according to the mouse line in which they are up-regulated: DU6, red; DU6P, blue; and FZTDU,
green. The vertical line indicates a log2FC of zero, and the horizontal line marks zero correlation.
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Figure 4: Molecular prediction of obesity subtypes and functional enrichment profiles. (A) Scatter plot comparing predicted versus measured BMI across individuals.
Patients were stratified into MHO-like (blue) and MUO-like (red) groups based on a post-hoc LOWESS model, illustrating clear divergence between molecular and phenotypic
obesity states. Grey points indicate intermediate individuals with decile-standardized discordance scores between —1 and 1. (B) Bar chart summarizing the relative enrichment
contribution of functional categories for MHO-like and MUO-like subgroups. The MHO-like group is predominantly associated with energy production/consumption, whereas
MUO-like shows higher contributions from other metabolism and autophagy/protein quality control pathways, highlighting distinct molecular mechanisms underlying obesity
heterogeneity. Herein, the miscellaneous category was excluded and the remaining category contributions were renormalized to 100%; the complete distributions including
miscellaneous terms are shown in Figs. S8 and S9. (C) For the clinical and biochemical comparison, three outliers were excluded: vis-2520, the MUO-like individual with the
highest gGT; vis-2504, the MHO-like individual with the highest gGT; and vis-2149, the MUO-like individual with the highest triglyceride level. Seventy-seven clinical and
biochemical parameters were screened, and variables passing the significance criteria are shown. Binary variables were analyzed using Fisher’s exact test, and continuous
variables were assessed using the Mann—Whitney U test. Effect sizes are reported as odds ratios (ORs) for binary variables, indicating the relative likelihood of a clinical feature
in MUO-like compared with MHO-like, and as Cohen’s d for continuous variables, calculated as MUO-like minus MHO-like; negative values therefore indicate higher levels in
MHO-like. Nominal p-values and effect sizes are shown in each panel, whereas significance was determined using FDR-adjusted g < 0.05, with continuous variables additionally
requiring |Cohen’s d| > 0.4. Numbers in parentheses indicate the effective number of individuals available for each variable. (D) Projection of the separate, non-overlapping LOBB
validation cohort onto the primary-cohort—derived PCA reference space. Individual samples classified as insulin sensitive or insulin resistant are projected onto the first two
principal components, PC1 and PC2, which explain 10.65% and 8.49% of the variance, respectively. Larger points denote the subtype centroids, and dotted lines connect each
individual to its assigned centroid, visualizing within-subtype dispersion and the separation between insulin-sensitive and insulin-resistant molecular states.

axis linking mitochondrial metabolic resilience to MHO-like states and  healthier obesity states. Our study establishes a transcriptome-based

insulin-resistance-associated vulnerability to MUO-like states. framework for dissecting the molecular underpinnings of obesity
across human and mouse models. By integrating adipose tissue gene
3. DISCUSSION expression with machine learning, we demonstrated that tran-

scriptomic features capture BMI-linked biological variation while
In this study, we set out to determine whether conserved tran-  preserving meaningful rank structure and revealing functional pro-
scriptomic programs differentiate metabolically unhealthy from grams central to obesity biology. Our results are consistent with
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human adipose tissue transcriptomic work showing that metabolic
health is not completely BMI-dependent: bulk VAT profiling can
stratify individuals with obesity into metabolically healthier versus
unhealthier groups despite similar adiposity [24,25]. This separation
may also reflect a continuum across stages of metabolic dysregula-
tion [26]. In addition, compact transcriptomic signature models linking
MUO to comorbidities (e.g., MASLD using liver/VAT expression)
highlight the translational potential of expression-based risk subtyp-
ing [27]. Furthermore, functional enrichment analysis of genes
selected by the BMI-anchored transcriptomic model identified pro-
grams spanning immune activation, lipid and energy metabolism, and
cellular growth regulation, highlighting the multifactorial transcrip-
tional features associated with BMI variation in adipose tissue.
Importantly, cross-species validation confirmed that the model re-
flects adiposity-specific molecular signals rather than gross body size,
since it could distinguish between DU6 and DU6P mouse lines that are
similar in body weight to length ratio, but highly divergent in adipose
tissue phenotype. Several other studies have used cross-species
approaches to identify genes associated with obesity and fat depo-
sition [28—30]. Liu et al. compared different machine learning
methods to predict genes related to fat deposition in pigs, Acharjee
et al. used publicly available human and mouse transcriptome data
and machine learning to find obesity-associated genes that are
common across species, and Wang et al. integrated the skeletal
muscle transcriptome of obese pigs with publicly available tran-
scriptional profiles and ATAC-seq human and mouse data.

A major strength of our approach lies in its ability to bridge anthro-
pometric measurements with molecular signatures. Traditional met-
rics such as BMI or body weight provide only crude estimates of
adiposity and fail to distinguish between metabolically healthy and
unhealthy states. Our BMI-anchored transcriptomic model overcomes
this limitation by identifying protective versus pathogenic molecular
programs, including enhanced mitochondrial energetics in MHO-like
individuals and remodeling/autophagy in MUO-like individuals. This
capacity to extract biologically meaningful differences from tran-
scriptomic data offers potential for improved stratification of obesity
subtypes and for guiding precision interventions.

Nevertheless, certain limitations must be acknowledged. First, BMI
was chosen as the quantitative modeling outcome due to its avail-
ability and clinical relevance, but it is an imperfect surrogate for
adiposity and metabolic health [8,31,32]. Consistent with the inter-
nally calibrated nature of our modeling framework, evaluation in the
separate LOBB validation cohort further highlighted this limitation:
predicted BMI showed only weak and non-significant correlations
with measured BMI in the separate cohort (Pearson r = 0.15;
Spearman’s p = 0.12). This indicates that the model does not transfer
robustly as a direct quantitative regressor for absolute BMI across
cohorts. However, weak agreement between predicted and measured
BMI in the validation cohort does not necessarily imply that the
learned transcriptomic signal is biologically uninformative. Rather, it
suggests that BMI-anchored training may capture obesity-associated
molecular variation that is not linearly reflected by measured BMI in a
separate cohort. Importantly, projection of the separate cohort into the
primary-cohort-derived PCA reference space preserved a detectable
signal related to insulin resistance, supporting the biological rele-
vance of the learned transcriptomic structure beyond direct BMI
prediction.

To further determine whether the limited predictive performance
primarily reflected the calibration-oriented design of the primary
model, we performed an additional prediction-oriented analysis in
which the regularization parameter was selected by inner 5-fold

cross-validation to maximize out-of-sample BMI prediction. Even
under this explicitly prediction-oriented framework, outer hold-out
performance remained modest across training fractions, with me-
dian Spearman’s p ranging from 0.148 to 0.212 (Fig. S10a). Notably,
the resulting models were substantially sparser than the primary
model, yet their selected genes were strongly enriched for genes
contained in the primary 458-gene set. Thus, optimizing the modeling
procedure specifically for BMI prediction did not substantially improve
quantitative prediction, but continued to preferentially identify fea-
tures represented in the primary transcriptomic model (Fig. S10b).
The subsampling analyses further clarify the nature of this feature-
selection robustness. Across repeated 40—90% subsamples,
primary-model genes showed markedly higher reselection probabil-
ities than non-primary genes under both fixed-o. and matched-
sparsity conditions (Figure 1B,C). This result indicates that primary-
model genes retain a strong relative selection advantage even
when the precise composition of the sparse model varies across
resampled cohorts. The persistence of this pattern after approxi-
mately controlling model sparsity further suggests that preferential
reselection was not simply driven by changes in the number of
selected genes as sample size decreased.

However, the stability results do not imply that the same 458 genes
constitute an invariant signature that is recovered under every
perturbation. Instead, they support the existence of a recurrent
transcriptomic feature structure in which genes represented in the
primary model are preferentially selected across resampled cohorts,
while individual feature membership remains partly sample-
dependent. Such behavior is compatible with sparse modeling of
high-dimensional transcriptomic data, in which multiple correlated
features can provide partially interchangeable representations of the
same underlying biological variation. Consistently, when the regula-
rization criterion itself was varied across models spanning training
Spearman’s p values of 0.7—0.9, primary-model genes remained
strongly concentrated among the most consistently selected features
(Fig. 1D), indicating that the observed feature preference was not
dependent on the specific regularization setting used for the primary
model.

Taken together, the weak transferability of absolute predicted BMI
across cohorts, the modest out-of-sample performance even after
prediction-oriented tuning, the preservation of an insulin-resistance-
related signal in the independently projected transcriptomic space,
and the preferential selection of primary-model genes across com-
plementary resampling and regularization-sensitivity analyses sug-
gest that the principal utility of the framework lies in identifying a
reproducible BMI-anchored transcriptomic structure rather than in
direct quantitative BMI prediction. Future iterations of the model
would benefit from incorporating additional phenotypes such as in-
sulin sensitivity, lipid profiles, or imaging-derived fat distribution.
Moreover, our analysis focused primarily on adipose tissue tran-
scriptomes, while obesity is a systemic condition involving multiple
tissues and inter-organ communication [33—35]. Expanding to cross-
tissue or single-cell data would further refine mechanistic insights.
On the other hand, the cross-species applicability in this study was an
explicit design consideration in constructing the primary BMI-
anchored transcriptomic model. We therefore restricted the model
to transcriptomic features with high-confidence human—mouse
orthology and did not include sex as an additional model predictor,
because doing so would require carrying a non-transcriptomic co-
variate effect estimated in humans into the cross-species scoring
framework. Nevertheless, because both human cohorts were pre-
dominant female, we directly evaluated whether omission of sex
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materially influenced the observed transcriptomic structure. In the full
primary cohort, explicit adjustment for sex produced minimal changes
in gene selection and coefficient structure (Supplementary Informa-
tion), while in the separate validation cohort the insulin-resistance-
related PC1 difference was essentially unchanged after adjustment
for sex (Supplementary Information). These sensitivity analyses sug-
gest that female predominance is unlikely to account for the principal
transcriptomic patterns observed here, although sex-specific biolog-
ical effects cannot be excluded and should be examined further in
larger, more sex-balanced cohorts. More broadly, although the cross-
species validation provides an orthogonal assessment of the biolog-
ical structure captured by the model, differences between human and
mouse physiology still require cautious interpretation when trans-
lating these findings across species [15,36,37].

Looking forward, several avenues emerge. Functionally, the mito-
chondrial and protein translational pathways identified in MHO-like
individuals represent attractive targets for therapeutic intervention
or biomarker development. This is supported by transcriptomic
studies identifying coordinated OXPHOS gene-set downregulation in
human metabolic disease [38] and showing that short-term high-fat
feeding suppresses mitochondrial/OXPHOS genes as an early mo-
lecular signature of diet-induced metabolic stress [39]. In parallel,
translational control has emerged as a modifiable layer of adipose
remodeling: PPARy agonism can remodel translational machinery in
adipose progenitors, but this response is impaired in obesity [40].
Methodologically, integrating transcriptomic predictors with other
omics layers, such as epigenomics, proteomics, or metabolomics,
could enhance predictive power and mechanistic resolution. Clini-
cally, applying this framework to longitudinal cohorts may allow early
identification of patients at risk for progression from metabolically
healthy to unhealthy obesity, consistent with long-term prospective
evidence that many initially metabolically healthy individuals transi-
tion to an unhealthy phenotype and that this conversion is accom-
panied by higher incident cardiovascular risk [41]. This view is
reinforced by cohort analyses treating metabolic status as time-var-
ying—nhighlighting the dynamic nature of “metabolic health” within
obesity over extended follow-up [42]—and by detailed trajectory work
describing transitions from healthy to unhealthy obesity and identi-
fying clinical factors associated with conversion [43]. A systematic
review/meta-analysis further synthesizes that MHO — MUO transition
is common and that transitioners exhibit elevated CVD incidence,
underscoring the value of early risk stratification and prevention
windows [44].

In a broader perspective, this study underscores the utility of cross-
species transcriptomics for disentangling the complex biology of
obesity. By aligning human and mouse molecular states, we reveal
conserved programs that distinguish protective from deleterious
adiposity. Beyond obesity, this strategy may be generalized to other
complex diseases where phenotypic heterogeneity complicates
diagnosis and treatment. Ultimately, transcriptome-informed classi-
fication holds promise for moving obesity research and clinical care
toward a more mechanistic and personalized paradigm.

In summary, we established a BMI-anchored transcriptomic frame-
work that captures adiposity-linked molecular programs beyond gross
anthropometric variation. Cross-species application showed that this
framework reflects adiposity-specific transcriptional states rather
than body size alone, distinguishing lipid-anabolic from oxidative-
catabolic obesity phenotypes in mouse models. In humans, it
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resolved metabolically distinct obesity subgroups, linking MHO-like to
mitochondrial and translational programs associated with resilience,
and MUO-like to stress-adaptive, catabolic, and remodeling pathways
associated with vulnerability. These findings support a conserved
molecular axis underlying obesity heterogeneity and provide a basis
for more biologically informed classification of metabolic disease.

4. METHODS

4.1. Human data

The human cohort consists of 1,479 omental visceral adipose tissue
samples sourced from the Leipzig Obesity BioBank (LOBB; https:/
www.helmholtz-munich.de/en/hi-mag/cohort/leipzig-obesity-bio-
bank-lobb), which were collected in a clinical setting within a cross-
sectional framework. The cohort included 432 men (BMI
4912 +91 kg/mz; age 48.02 4 11.8 years; 50.2% with T2D; 96.5%
with BMI >30 kg/m?) and 1,047 women (BMI 48.47 -+ 8.8 kg/m?; age
46.74 & 11.8 years; 37.1% with T2D; 98.5% with BMI >30 kg/m?).
Participants underwent comprehensive clinical phenotyping with
respect to obesity status, metabolic parameters, and anthropometric
characteristics [32,45]. Adipose tissue samples were obtained during
planned laparoscopic abdominal procedures, as previously reported
[46]. Individuals were excluded if they were younger than 18 years,
had a history of chronic drug or alcohol abuse, had smoked within the
year prior to surgery, or presented with acute inflammatory condi-
tions, advanced malignant disease, uncontrolled thyroid dysfunction,
or Cushing’s syndrome.

For evaluation in a separate, non-overlapping cohort, a set of LOBB
participants with available hyperinsulinemic-euglycemic clamp data
was analyzed as previously described [47]. None of these participants
were included in the training cohort of primary modeling. The vali-
dation cohort comprised 77 individuals with obesity who were clas-
sified as insulin-sensitive (IS, n = 32; 71.8% female; age:
38.75 & 10.98 years; BMI: 46.00 & 6.82 kg/mz; fasting plasma
glucose (FPG): 5.22 + 0.19 mmol/L; fasting plasma insulin (FPI):
28.74 + 14.17 pmol/L) or insulin-resistant (IR, n = 45; 71.1% female;
age: 47.09 + 7.49 years; BMI: 46.89 + 8.12 kg/m2; FPG:
5.67 £+ 0.34 mmol/L; FPI: 107.96 £ 30.32 pmol/L) according to
glucose infusion rate (GIR) thresholds derived from the
hyperinsulinemic-euglycemic  clamp. RNA  sequencing data
generation and preprocessing were performed as described
previously [47].

4.2. Library preparation and RNAseq analysis of human data

Total RNA was extracted from adipose tissue samples following the
SMART-seq protocol (Switch Mechanisms at the 5° End of RNA
Templates) [48]. Sequencing libraries were then constructed and
subjected to single-end sequencing on a NovaSeq 6000 instrument at
the Functional Genomics Centre Zurich.

Raw sequencing reads were processed with Fastp (v0.20.0) [49] to
remove adapter sequences and low-quality bases. Quality trimming
was performed as part of the same preprocessing workflow. The
cleaned reads were then quantified with Kallisto (v0.46) [50,51].
Quantification was performed against the human reference genome
GRCh38.p13. Gene model annotation was based on GENCODE release
32. Gene-level expression estimates obtained from Kallisto were used
for downstream analyses.

Origin of mouse strains and housing conditions.
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The mouse lines included in this study stem from a long-term se-
lection experiment, which has been conducted in the Research
Institute for Farm Animal Biology (FBN), generating, among others,
mouse lines with increased body mass (DU6) [52] and protein mass
(DUGP) [17]. These mice have been maintained for 180 generations in
the case of DU6 (and 152 generations for DU6P) alongside an un-
selected control line (FZTDU) [17,53,54]. All animal procedures were
performed in accordance with national and international guidelines
and ethically approved by our own institutional board (Animal Pro-
tection Board from the Leibniz Institute for FBN). Mice were housed in
a specific pathogen-free (SPF) environment with defined hygienic
conditions at a temperature of 22.5 4= 0.2 °C, at least 40% humidity
and a controlled light regime with a 12:12 h light—dark cycle. The
mice were kept in polysulfone-cages of 365 x 207 x 140 mm (H-
Temp PSU, Type Il L, Eurostandard, Tecniplast, Germany) and had free
access to pellet feed and water. Mice were fed ad libitum using a SBF
(gross energy (GE) = 16.7 MJ kg“, metabolizable energy
(ME) = 14.0 MJ kg~ ") including 12% fat, 27% protein, and 61%
carbohydrates (ssniff® M-Z autoclavable, V1124-300, Soest, Ger-
many) [17].

Male mice were sacrificed at 8—9 weeks of age, and inguinal and
epigonadal white adipose tissue was resected and either immediately
frozen for RNA isolation or fixed in 4% paraformaldehyde for histo-
logical analyses.

4.3. Data source and RNA sequencing of mouse lines

Tissue samples were collected from the DU mouse lines FZTDU, DUG,
and DUGP, with six biological replicates per line. Library preparation
was performed using the lllumina RNA preparation kit according to the
manufacturer’s protocol. Raw sequencing data were preprocessed
using the nf-core/rnaseq pipeline. Read quality was evaluated using
FastQC, and adapter sequences and low-quality bases were trimmed
using cutadapt. Processed reads were aligned to the Mus musculus
(GRCm39) reference genome using STAR, and quantification was
performed using HTSeq.

4.4, Data preprocessing

To investigate pathways and functions related to human obesity
mechanisms in mice, we developed a BMI-anchored transcriptomic
model from human visceral adipose transcriptomes and subsequently
applied it to mouse data. Protein-coding genes were extracted from
the Mus musculus genome assembly (GRCm39) and the Homo sa-
piens genome assembly (GRCh38.p13). Genes with zero counts
across all samples within a species were removed, yielding 19,884
human genes and 19,087 mouse genes for analysis.

Starting from the Kallisto-derived expression estimates, we applied
quantile normalization separately to 1,479 human visceral adipose
tissue samples and 18 mouse epigonadal adipose tissue samples (6
DUG, 6 DU6P, 6 FZTDU) to minimize expression-level perturbations
and ensure comparable within-species distributions. Subsequently,
feature-wise Z-score standardization was performed within each
species to place all genes on a common scale, thereby reducing
biases in cross-species transcriptomic model construction arising
from intrinsic biological variation.

High-confidence orthologous gene pairs between human and mouse
were retrieved from Ensembl Compara [55,56]. Orthologs were
considered high confidence when supported by concordant gene-
tree/species-tree reconciliation, sufficient sequence similarity and
alignment coverage, conserved gene structure, and synteny
across species. After orthology mapping, 16,042 high-confidence

human—mouse orthologs were retained as features for subsequent
BMI model development.

5. APPLICATION OF THE BMI-ANCHORED TRANSCRIPTOMIC
MODEL TO MOUSE TRANSCRIPTOMES

To focus the analysis on obesity, we restricted the training set to
individuals with BMI >30. Because extremely high BMI (morbid
obesity) may reflect mechanistically distinct regimes of fat accumu-
lation and metabolism, we further excluded the top 10% of BMI values
to mitigate distributional shift and focus on the predominant cohort
(Fig. S1). The resulting training set comprised 1,298 human visceral
adipose samples with BMI 30—60.

Because the objective of this model was not clinical BMI prediction,
but the construction of a BMI-anchored transcriptomic representation,
model selection and interpretation emphasized rank preservation and
biological interpretability rather than out-of-sample prediction accu-
racy. To obtain a sparse, transfer-ready signature, we fitted a LASSO
(L1-regularized) linear regression model using BMI as the response
variable and gene expression as predictors. Given the multifactorial
nature of BMI and potential non-linearities at the global scale, model
selection emphasized rank consistency, evaluating performance with
Spearman’s rank correlation (p). The regularization strength was
tuned to achieve a Spearman’s p of approximately 0.8 between
predicted and measured BMI, thereby balancing parsimony and sta-
bility over marginal improvements in in-sample fit. The LASSO
objective can be written as follows:

n

N p 2 14
(8o, B) = arg min [l > (yi — B - ZXgﬂ;) +ady |ﬁj|:|
Bo.8 2n j=1 j=1

i=1

where x; denote the standardized expression of gene jin participant /,
and y; the measured BMI. Model coefficients were estimated by
minimizing the LASSO objective. The regularization parameter o was
selected to yield a Spearman correlation of approximately 0.8 be-
tween measured and model-predicted BMI, resulting in 458 genes
with non-zero coefficients (Table S4). For participant /, predicted BMI
was calculated as

BMI; = By + Y _x;B;
jeS

where S denotes the set of 458 model-selected genes. All 1,298
participants in the primary modeling cohort were used to construct
the final BMI-anchored transcriptomic model; no random training/test
split was performed. This design reflected the objective of deriving a
BMI-anchored transcriptomic representation rather than developing
an out-of-sample clinical BMI predictor. The separate, non-
overlapping validation cohort was not used for LASSO fitting or se-
lection of the regularization parameter.

After training, we applied the learned human coefficients to the
expression of the corresponding mouse orthologs, restricting to 458
genes with non-zero coefficients in the human model. For each
mouse sample, the orthologous expression vector was aligned to the
human feature set, and the linear predictor was used to project each
mouse sample onto the human BMI-anchored transcriptomic axis,
yielding a BMI-anchored transcriptomic score for each mouse sample.
Line-level summaries were then examined across the three mouse
lines (DU6, DU6P, FZTDU) for downstream analyses.
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5.1. ldentification of functional enrichment within model genes
and group differences

To elucidate the biological processes represented by model-selected
genes and group-specific differences, we performed gene set
enrichment analysis (GSEA) [57]. This approach was used to identify
biological functions enriched in association with the BMI-anchored
model output as well as in group contrasts (e.g., DU6 vs. DU6P and
MUO-like vs. MHO-like). Therefore, GSEA was applied to both model-
selected genes and group-difference gene rankings, using Gene
Ontology (GO) terms with a hierarchical depth greater than five to
ensure adequate functional specificity. For model-based analyses,
human genes selected by the model were ranked according to their
regression coefficients. For group-difference analyses, genes were
ranked using log2 fold changes.

For differential expression analysis, in the mouse dataset, where raw
read counts were available, differential expression analysis was per-
formed using DESeq2 [58], and genes were ranked by the resulting
log2 fold changes. However, in the human dataset, where only Kallisto-
derived expression values were available, group differences were
quantified using expression-derived log2 fold-change—Tlike effect sizes.
Specifically, for each gene in each sample, expression was first scaled
by the geometric mean of that gene within the corresponding group and
then normalized by the within-sample median. Group-level effect sizes
were subsequently calculated as the log?2 ratio of the mean normalized
expression values between groups. These human-derived effect sizes
were used solely as the ranking metric for downstream GSEA and were
not involved in model training.

For each analysis, an enrichment score (ES) was computed to quantify
the degree to which a GO term was overrepresented within the ranked
list. Statistical significance was assessed using 1,000 permutation
tests, and ES values were standardized into z-scores as normalized
enrichment score (NES). Functional modules with z > 2 were
considered significantly enriched in the corresponding gene sets.

To determine whether the identified significantly enriched GO terms
converged on biological processes relevant to obesity, we system-
atically mapped terms from the GSEA analysis to eleven predefined
functional categories: (1) obesity/adiposity, (2) immune/inflammatory,
(3) lipid metabolism/catabolism, (4) other metabolism, (5) energy
production/consumption, (6) GH—IGF axis, (7) cell cycle/division, (8)
cytoskeleton/adhesion, (9) development/signaling, (10) autophagy/
protein quality control, and (11) miscellaneous. Terms were assigned
to functional categories using a deterministic, rule-based text clas-
sification procedure based on the GO term description. For each term,
the description was searched against a curated set of case-insensitive
regular expression patterns. The classification was performed
sequentially according to a fixed category priority order. If a term
matched patterns from more than one category, the first matching
category in the ordered rule set was assigned. The detailed mapping
process is described in Supplementary.

5.2. Patient stratification using LOWESS-based discordance
standardization

To address systematic bias between predicted BMI (BMi,) and
measured BMI (BM/;), we employed locally weighted scatterplot
smoothing (LOWESS) regression as a calibration approach. BMi,
values were treated as the independent variable (x), and BM/, values
as the dependent variable ()). A LOWESS curve was fitted using
smoothing parameters of frac = 0.3 and it = 0. For each patient, we
calculated the residual relative to the fitted curve:

Iy
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1y = BMiy, — £(BMI,)

where BMI}, and BMI, denote the measured and predicted BMI of
participant J, respectively, and f BM/;, represents the LOWESS-
calibrated expected BMI conditional or BMI;,. Thus, r; quantifies
whether a patient’s measured BMI is higher or lower than expected
based on their predicted BMI. To account for heteroscedasticity, the
conditional variance of residuals was estimated by applying LOWESS
to the squared residuals, vyielding local standard deviations
Iacal,std(BMl;,). Each residual was standardized as:

=—a>
local.std ( BMI, )

Because even standardized residuals may show systematic
dependence on measured BMI, we performed an additional decile-
based normalization. Participants were divided into deciles accord-
ing to their measured BMI. Within each decile d, the mean u, and
standard deviation 4 of z; were calculated, and each participant’s
standardized residual was further normalized:

Zi — K
04

Zdecile,i =

This procedure allows patients to be evaluated relative to peers
with similar BMI, thereby reducing systematic misclassification driven
by regression to the mean. Final group assignments were based on
the decile-standardized discordance score. Individuals with high
positive scores were classified as transcriptome-defined MHO-like,
indicating that their measured BMI was higher than expected from
their BMI-anchored transcriptomic profile. Conversely, individuals
with low negative scores were classified as transcriptome-defined
MUO-like, indicating a more adverse transcriptomic state relative to
their measured BMI. Individuals with scores between these thresholds
were considered intermediate and were not assigned to either
extreme phenotype:

—MHO — like : Zgggife,j > 1

—MUO — like : Zgggie,; < —1

—intermediate : —1 < Zgegie; < 1

This decile-standardization framework was used to stratify patients
according to BMI-adjusted molecular-to-phenotypic discordance
rather than residual patterns driven by regression to the mean.

For the separate validation cohort, the same LOWESS-based discor-
dance procedure was applied independently using only the validation
samples, including LOWESS fitting, residual calculation, and adjust-
ment for heteroscedasticity. Because of the smaller sample size, the
final normalization was performed within measured-BMI quartiles
rather than deciles, yielding a quartile-standardized discordance
score. The LOWESS fit and standardization parameters derived from
the primary cohort were not applied to the validation cohort.

5.3. Projection of insulin-resistance—characterized samples into
the primary-cohort PCA space

Principal component analysis was performed on the expression matrix
of model-selected genes in the primary cohort. The resulting gene
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loadings were retained as a fixed reference basis. Expression profiles
from the insulin-resistance—characterized samples were processed
using the corresponding model-selected genes and projected into this
reference space by applying the PCA loadings derived exclusively
from the primary cohort. No PCA model was refitted using the vali-
dation samples.
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