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Abstract: Obesity is a heritable and modifiable driver of chronic kidney disease (CKD),
acting via glomerular hyperfiltration, ectopic lipid deposition, RAAS activation, and
adipokine-driven inflammation, though whether obesity-susceptibility variants track
with subclinical renal injury independent of attained body weight remains unclear. This
study compared risk-allele frequencies of four validated obesity-susceptibility variants
(FTO rs9939609, MC4R rs17782313, TMEM18 rs6548238, FTO rs1421085) between
obese and non-obese adults, quantified their association with a five-marker renal
panel, and tested whether a composite genetic risk score (GRS) shows a dose—response
relationship with renal function, using an age- and sex-matched case—control study of
600 adults (300 obese, BMI =30 kg/m?; 300 controls, BMI 18.5-24.9 kg/m?) from 742
screened. Renal status was assessed via serum creatinine, CKD-EPI eGFR, cystatin C,
urinary albumin-to-creatinine ratio (UACR), and serum uric acid; SNPs were genotyped
by TagMan (call rate >98%); multivariable linear/logistic regression adjusted for age,
sex, systolic blood pressure, and smoking, with the Benjamini—Hochberg procedure
controlling false-discovery rate. Cases and controls were matched on age (44.8 vs 44.1
years) and sex (54.0% vs 55.3% female). Cases had higher BMI (34.6 vs 22.3 kg/m?),
waist circumference (108.5 vs 82.4 cm), and systolic BP (131 vs 121 mmHg; all P<0.001),
with lower eGFR (92.4 vs 101.7 mL/min/1.73 m?) and higher UACR (median 14.8 vs 7.9
mg/g), cystatin C (0.94 vs 0.85 mg/L), and uric acid (6.2 vs 5.3 mg/dL; all P<0.001). Risk-
allele frequencies were higher in cases for FTO rs9939609 (0.51 vs 0.39, P<0.001; OR
1.62), MC4R rs17782313 (0.29 vs 0.22, P=0.013; OR 1.44), and FTO rs1421085 (0.49 vs
0.38, P<0.001; OR 1.57), but not TMEM18 rs6548238 (0.86 vs 0.83, P=0.28). Each FTO
rs9939609 risk allele was associated with lower eGFR (B=-0.34 SD, P=0.001) and higher
UACR (B=0.28 SD, P=0.002), with stepwise eGFR decline across TT->AT->AA genotypes
(P-trend=0.004). The GRS showed a graded, per-allele relationship with eGFR ($=-0.29
SD, P<0.001; q=0.002), UACR (B=0.24, P=0.002), uric acid (B=0.21, P=0.004), creatinine
(B=0.17, P=0.019), and cystatin C (B=0.15, P=0.038), while TMEM18 was not associated
with any biomarker. Obesity-risk alleles, individually and in aggregate, are associated
with early renal functional impairment independent of measured adiposity and classical
risk factors, supporting shared genetic architecture between adiposity and nephron
stress and identifying a genetically defined subgroup for earlier surveillance.
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Introduction

Chronic kidney disease (CKD) affects an estimated 9—
10% of the world's adults and, [1] unlike most non-
communicable diseases, its attributable mortality is
rising rather than falling; current projections place CKD
as the fifth-leading global cause of death by 2040 [2].
Much of this burden is silent until late, because
glomerular filtration can decline substantially before
symptoms emerge [3]. This latency makes early,
biomarker-based identification of individuals at
elevated risk especially important, ideally while
filtration and the glomerular barrier are still intact and
intervention is most effective [4]. Two features make
CKD an attractive target for a genetic-stratification
approach: it has a measurable, quantitative
endophenotype (eGFR, albuminuria) [5] and it shares
upstream drivers with highly heritable metabolic traits.

Among modifiable drivers of CKD, obesity is one of
the most potent [6]. Its influence is only partly
indirectly mediated by hypertension and type 2
diabetes; a substantial component is direct [7]. Excess
adiposity provokes glomerular hyperfiltration and
single-nephron hyperfiltration, raises intraglomerular
pressure, and promotes ectopic and peri-renal lipid
deposition [8]. It activates the renin—angiotensin—
aldosterone system (RAAS) and the sympathetic
nervous system, and sustains a pro-inflammatory,
adipokine-skewed milieu with higher leptin [9] and
lower adiponectin that favors podocyte stress,
mesangial expansion, and tubulointerstitial fibrosis.
The recognized histological correlate, obesity-related
glomerulopathy [10], is defined by glomerulomegaly
and secondary focal segmental glomerulosclerosis,
and typically presents with sub-nephrotic albuminuria
and a preserved-to-mildly-reduced eGFR, precisely the
early window this study interrogates [11].

Twin and family studies place the heritability of
body-mass index (BMI) between 40% and 70%, and
genome-wide association studies (GWAS) have now
resolved hundreds of contributing loci [12]. Among the
earliest and most robustly replicated are variants in
FTO (fat mass and obesity-associated), near MC4R
(melanocortin-4 receptor), and near TMEM18 [13].
These loci act through distinct biology: FTO as an m6A
RNA demethylase influencing adipocyte
thermogenesis and energy balance; [14] MC4R
through central melanocortin control of appetite and
energy expenditure; and TMEM18 as a nuclear-
membrane factor of less certain function [15].
Importantly, several of these genes or the pathways
they regulate are expressed in, or acting upon, renal
and metabolic tissue relevant to the nephron,

including systems governing sodium handling, urate
transport, and the albumin barrier [16]. This raises a
specific and testable possibility: that obesity-risk
alleles exert pleiotropic effects on kidney function that
are not fully mediated by attained body weight [17].

The existing literature linking adiposity to kidney
outcomes is dominated by Mendelian randomization
(MR) studies [18], which use BMI-associated variants
as instruments and consistently implicate higher BMI
liability in lower eGFR and greater albuminuria. MR is
powerful for causal inference but typically collapses
genetic information into a single exposure (BMI) and a
single outcome (usually eGFR), and rarely resolves the
effect of individual loci across a panel of
complementary renal markers [19]. Direct, biomarker-
resolved case—control comparisons in  well-
phenotyped obese versus lean individuals genotyped
at named loci and profiled with filtration and barrier
markers remain comparatively scarce [20]. Whether
specific obesity loci track with early renal injury,
whether the signal is graded with genetic burden, and
whether every obesity locus behaves the same way
[21] are questions that a matched, multi-marker design
is well placed to answer.

The objectives of this study were to compare risk-
allele frequencies of four obesity-related variants
between obese cases and non-obese controls and to
qguantify their association with a five-marker renal
panel (creatinine, eGFR, cystatin C, UACR, uric acid), as
well as to construct a weighted genetic risk score (GRS)
and test its dose—response relationship with eGFR and
albuminuria, to determine whether associations
persist after adjustment for age, sex, systolic blood
pressure, and smoking, and to establish whether any
single locus drives the aggregate signal; the underlying
hypothesis was that obesity-risk alleles are enriched in
obese individuals and are associated with lower eGFR
and higher albuminuria, cystatin C, and uric acid, in a
graded fashion, independent of classical covariates.

Materials and Methods

Study design and population

We conducted a single-center (King Edward Medical
University, Lahore, Pakistan), age- and sex-matched
case-control study. Of 742 adults screened, 600 met
eligibility and were analyzed (Figure 1): 300 obese
cases (BMI > 30 kg/m?) and 300 normal-weight
controls (BMI 18.5-24.9 kg/m?). Adults aged 18-65
years were eligible.

Exclusion criteria: established diabetes mellitus,
eGFR < 30 mL/min/1.73 m?, known primary glomerular
disease, pregnancy, active malignancy, nephrotoxic
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drug use, and unavailable DNA. Cases and controls
were frequency-matched on 5-year age bands and sex.

(N =742)

Screened for eligibility

l

(N = 640)

Assessed & consented * eGFR<30 (n=28)

Excluded (n = 102)

+ Diabetes (n=41)
* Missing DNA (n=33)

|

(N = 600)

Genotyped & analysed

.

CASES — Obese
BMI = 30 kg/m?
(n = 300)

CONTROLS — Non-obese
BMI 18.5-24.9 kg/m?
(n = 300)

Genotyped SNPs: FTO rs9939609 - MC4R rs17782313 - TMEM18 rs6548238 - FTO rs1421085

Renal biomarkers: serum creatinine - eGFR (CKD-EPI)

cystatin C - UACR - serum uric acid

Figure 1. Participant selection and study design, with genotyped variants and measured renal biomarkers.

Anthropometric and clinical measurements

Height and weight were measured in light clothing to
compute BMI; waist circumference was recorded at
the midpoint between the lowest rib and iliac crest
[22]. Seated blood pressure was the mean of two
readings after five minutes' rest [23]. Smoking status
and medication use were obtained by structured
interview.

Renal biomarkers

Fasting venous samples were analyzed for serum
creatinine (IDMS-traceable enzymatic assay), cystatin
C (immunoturbidimetry), and serum uric acid [24].
eGFR was derived using the 2021 CKD-EPI creatinine
equation [25]. First-morning urine was used to
determine the albumin-to-creatinine ratio (UACR). The
outcome panel included five biomarkers: serum
creatinine, eGFR, cystatin C, UACR, and uric acid [26].

Genotyping

Genomic DNA was extracted from peripheral
leukocytes [27]. Four single-nucleotide polymorphisms
were genotyped by TagMan allelic discrimination: FTO
rs9939609 (A risk), MC4R rs17782313 (C risk), TMEM18

rs6548238 (C risk), and FTO rs1421085 (C risk).
Genotyping call rate exceeded 98%; 5% of samples
were re-run in duplicate with 100% concordance [28].
We tested each SNP for Hardy—Weinberg equilibrium
(HWE) in controls [29].

Genetic risk score

We calculated a genetic risk score (GRS) by summing
risk alleles across the four loci (range 0-8), weighted by
published per-allele effect sizes, then rescaled [30]. We
analyzed GRS continuously (per risk allele) and by
tertile.

Statistical analysis

Continuous variables are reported as mean = SD or
median (IQR); groups were compared with t-tests or
Mann—Whitney U, and categorical variables with ¥2.
Allele and genotype frequencies were compared by x2.
We assessed associations between variants and
biomarkers using multivariable linear regression
(biomarkers standardized to SD units), adjusting for
age, sex, systolic blood pressure, and smoking; logistic
regression modeled obesity case status. We used
additive genetic models for trend tests. We considered
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P<0.05 significant; the Benjamini—Hochberg procedure
controlled the false-discovery rate across biomarkers.
Analyses were performed in R 4.3.

Results

Baseline characteristics

Cases and controls were comparable in age and sex by
design. As expected, cases had higher BMI, waist
circumference, and systolic blood pressure. Renal
biomarkers already differed at baseline, with lower

eGFR and higher UACR, cystatin C, and uric acid among
obese cases (Table 1).

Allele and genotype frequencies

All four SNPs were in Hardy—Weinberg equilibrium in
controls (P > 0.05). Risk-allele frequencies were
significantly higher in cases for FTO rs9939609 (0.51 vs
0.39, P < 0.001), MC4R rs17782313 (0.29 vs 0.22, P =
0.014) and FTO rs1421085 (0.49 vs 0.38, P < 0.001),
whereas TMEM18 rs6548238 did not differ (0.86 vs
0.83, P = 0.20) (Figure 2).

Table 1. Baseline demographic, clinical, and renal characteristics by group. Values are mean + SD unless stated.

Characteristic Cases (obese, n=300) Controls (n=300) p value
Age, years 448 +11.2 44,1 +10.9 0.42
Female, % 54.0 55.3 0.74
BMI, kg/m? 346+4.1 223+1.7 <0.001
Waist, cm 108.5+£9.8 824+7.1 <0.001

Systolic BP, mmHg 131+14 121+ 12 <0.001
Current smoker, % 27.7 23.3 0.21
Serum creatinine, mg/dL 0.94 +0.19 0.87+0.16 <0.001
eGFR, mL/min/1.73 m? 92.4+15.6 101.7 £14.2 <0.001
Cystatin C, mg/L 0.94 £ 0.20 0.85+0.17 <0.001
UACR, mg/g (median) 14.8 (8-29) 7.9 (5-14) <0.001
Serum uric acid, mg/dL 6.2+1.5 53+1.3 <0.001

109
I Cases (obese)

I Controls (non-obese)

ns

0.8 4

e
=
1
*
*
*

I
=

Risk-allele frequency

=
L]
N

0.0-

TMEM18 FTO

FTO MC4R
59939609 1517782313

Figure 2. Risk-allele frequencies in cases versus
controls. Error bars = SE. ***P<0.001, *P<0.05, ns = not

significant.

rs6548238 rs1421085

Variants and renal function

Across FTO rs9939609 genotypes, mean eGFR declined
stepwise from TT to AT to AA (P_trend = 0.004), with
risk homozygotes clustering near the CKD threshold
(Figure 3). In multivariable models adjusting for age,
sex, systolic blood pressure, and smoking, each
additional FTO rs9939609 risk allele was associated
with a 0.34 SD lower eGFR (P = 0.001) and 0.28 SD
higher UACR (P = 0.002). MC4R rs17782313 was

associated with higher UACR and uric acid, and FTO
rs1421085 with higher creatinine; TMEM18 showed no
association with any biomarker (Figure 4).

1404 —_—

/ \ Prrena 0.004
E 1204 / \\ J
= Vd ™
S  —0
__E 1009 N y S/ —_—
E \\ /’
‘P 804 \ /’

.
60
v AT AA

Figure 3. eGFR distribution across FTO rs9939609
genotypes; median shown, dashed line marks the CKD
eGFR threshold.

Genetic risk score: dose-response

The composite GRS displayed a clear graded
relationship: mean eGFR fell and mean UACR rose
monotonically with each additional risk allele (Figure
5). Per risk allele, the adjusted association with eGFR
was B = -0.29 SD (P < 0.001). Participants in the top
GRS tertile had roughly twice the odds of a UACR in the
micro-albuminuric range compared with the lowest
tertile.
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FTO rs9939609 — eGFR (1) —_—lGG i P =0001
H
H
H
FTO rs9939609 = UACR (1) | —_—lG P =0.002
|
i
MCAR 1517782313 - UACR (1) | —— P =0021
H
H
MCAR rs17782313 ~ uric acid (1) ! —— P = 0003
TMEM18 rs6548238 = cystatin C L P =051
FTO rs1421085 — creatinine (1) - | —— P =0028
GRS [per risk allele) - eGFR (1) 4 — i P = 20,001

H
=06 -0.4 =02 0.0 0.2 0.4 0.6
Adjusted standardized p (95% CI)

Figure 4. Forest plot of adjusted standardized
associations between variants (and GRS) and renal
biomarkers. Green = 95% Cl excludes zero.

R (mg/g)

Mean eGFR (mL/min/1.73 m2)
Mean UAC

0 1 2 3 4 5 6 7 8
Obesity genetic risk score (number of risk alleles)

Figure 5. Dose-response of the obesity genetic risk
score with mean eGFR (blue) and UACR (red). Error
bars = SE.

Table 2. Per-risk-allele odds of obesity (additive logistic model, adjusted for age and sex).

SNP (risk allele) OR for obesity (95% Cl) p value HWE P (controls)
FTO rs9939609 (A) 1.62 (1.29-2.05) <0.001 0.41
MCA4R rs17782313 (C) 1.44 (1.08-1.92) 0.013 0.28

TMEM18 rs6548238 (C)

1.19 (0.87-1.63) 0.28 0.55

FTO rs1421085 (C)

1.57 (1.24-1.98)

<0.001 0.37

Table 3. Adjusted associations of the genetic risk score with each renal biomarker (linear regression, standardized outcomes).

Biomarker B per risk allele (SD) 95% ClI p value
eGFR -0.29 -0.47,-0.11 <0.001
UACR 0.24 0.09, 0.39 0.002
Cystatin C 0.15 0.01, 0.29 0.038
Serum uric acid 0.21 0.07, 0.35 0.004
Serum creatinine 0.17 0.03,0.31 0.019
Discussion The clearest single-locus result was FTO rs9939609.

This matched case—control study tested whether
obesity-susceptibility alleles track with early renal
injury, and produced four linked findings that follow
directly from the results. First, three of the four risk
alleles were enriched in obese cases: FTO rs9939609
(0.51 vs 0.39), MC4R rs17782313 (0.29 vs 0.22), and
FTO rs1421085 (0.49 vs 0.38), with per-allele odds of
obesity of 1.44-1.62, confirming that the study
population reproduces the expected genetic
architecture of adiposity. Second, obese cases already
showed a coherent renal signature: lower eGFR (92.4
vs 101.7 mL/min/1.73 m?2) and higher UACR (14.8 vs 7.9
mg/g), cystatin C (0.94 vs 0.85 mg/L), and uric acid (6.2
vs 5.3 mg/dL). Third, the genetic signal mapped onto
that renal signature at the individual-genotype level.
Fourth, aggregating the loci into a GRS revealed a
graded, dose—response relationship across the whole
panel.

eGFR declined stepwise across the TT, AT, and AA
genotypes (P_ trend = 0.004), with risk homozygotes
clustering near the CKD threshold, and each additional
risk allele associated with a 0.34 SD lower eGFR (P =
0.001) and 0.28 SD higher UACR (P = 0.002). Two
features argue against these being mere by-products
of attained weight. The associations were estimated on
continuous biomarkers and survived adjustment for
systolic blood pressure and smoking, two of the
principal weight-linked mediators, and they appeared
simultaneously on a filtration marker (eGFR) and a
barrier marker (UACR) [31]. Together, this pattern is
compatible with pleiotropy, in which FTO and, given its
effects on UACR and uric acid, MC4R influence renal
handling of sodium, urate, and albumin through
metabolic and appetite-regulatory pathways, rather

than acting solely through body mass [32].
Collapsing the loci into a GRS strengthened rather
than diluted the signal, which is the expected behavior
81
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if multiple variants act on a shared pathway. Mean
eGFR fell and mean UACR rose monotonically with
each additional risk allele, and per-allele associations
reached significance across all five markers after FDR
control: eGFR (B = -0.29 SD, q = 0.002), UACR (B = 0.24,
g = 0.006), uric acid (B = 0.21, g = 0.010), creatinine (B
=0.17, q = 0.032), and cystatin C (B = 0.15, g = 0.048).
Participants in the top GRS tertile had roughly twice
the odds of a UACR in the micro-albumin-uric range
versus the lowest tertile. A graded exposure response
relationship is one of the stronger observational
arguments for a genuine rather than incidental
association, and it extends prior BMlI-focused
Mendelian-randomization work to a multi-biomarker,
individually genotyped setting [33].

Not every obesity locus behaved the same way.
TMEM18 rs6548238 did not differ in frequency
between cases and controls (0.86 vs 0.83, P =0.28) and
was not associated with any renal biomarker. Rather
than weakening the overall picture, this dissociation
sharpens it: if the renal associations were a simple
downstream consequence of higher BMI, one would
expect every BMI-raising allele to move the biomarkers
in concert [34]. The fact that a bona-fide obesity locus
can be renally silent argues against a purely weight-
mediated explanation and points instead toward locus-
specific mechanisms, consistent with the divergent
biology of these genes [35].

The associations were detectable while participants
were still in the normal-to-mildly-impaired range, the
window in which reno-protective intervention is most
effective [36]. A parsimonious four-SNP score
identified individuals with measurably worse filtration
and barrier indices before overt disease, suggesting
that obesity-risk genotypes could, in principle, flag a
subgroup for earlier and more intensive renal
surveillance [37]. These findings are hypothesis-
strengthening rather than practice-changing: the
effect sizes are modest and the design is observational,
so the immediate value is mechanistic and for risk-
stratification research, not standalone clinical
screening.

Study limitations: Despite these strengths, several
limitations should be considered when interpreting the
findings. First, the cross-sectional nature of the study
limits causal inference because associations observed
at a single time point cannot establish temporality.
Consequently, reverse causation and residual
confounding cannot be completely excluded. In
addition, the study employed a modest genetic panel
within a single-center population, with only four SNPs
included in the analysis. These variants represent only
a fraction of the genetic contribution to obesity, and a

genome-wide polygenic risk score would provide a
more comprehensive assessment of genetic
susceptibility. The study’s ancestry specificity is
another consideration, as allele frequencies and
genetic effect sizes can differ substantially between
populations. Therefore, the generalisability of the
findings to other populations remains uncertain
without independent replication. Furthermore, several
potentially important unmeasured mediators,
including insulin resistance, leptin, adiponectin, and
dietary sodium intake, were not fully characterized.
These factors may potentially contribute to or mediate
the observed relationships between genetic risk,
obesity-related traits, and renal outcomes. Finally,
single time-point biomarker measurements may
introduce additional variability, particularly for eGFR
and UACR, which can fluctuate over time. Repeated
measurements would therefore improve precision and
potentially reduce regression dilution.

Conclusion

Obesity-related genetic variants, both individually and
as a composite genetic risk score, are associated with
early, subclinical renal impairment independent of
measured adiposity and classical risk factors. These
findings suggest a shared genetic architecture linking
adiposity with renal stress and may help identify
genetically defined individuals who could benefit from
earlier and more targeted renal surveillance. However,
further longitudinal, multi-ancestry, and mechanistic
studies are needed to establish causality, clarify the
underlying biological pathways, validate these
associations across diverse populations, and
determine their potential clinical utility for
personalized risk assessment and early prevention of
kidney disease.
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