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Abstract
Background:

Metabolic dysfunction-associated steatotic liver disease (MASLD) and type 2 diabetes (T2D)
commonly occur together and are linked by shared factors like insulin resistance and excess liver
fat. While enzymes such as ALT and AST are routinely measured in these conditions, the

clinical significance of gamma-glutamyl transferase (GGT) remains less well understood.
Objective:

To investigate the relationship between GGT, insulin resistance, and MASLD using integrative

approaches combining clinical data, Mendelian Randomization (MR), and functional genomics.
Method:

A hospital-based cohort (N = 498) was analyzed for MASLD and T2D status alongside liver
enzymes and insulin resistance (HOMA-IR). Findings were validated in the NHANES 2017-
2020 dataset (N = 2586). Univariable and multivariable MR analyses were performed using
GWAS summary statistics for fasting insulin, glycemic traits, and percentage liver fat to assess
their potential causal effects on GGT. Functional annotation of GGT-associated variants was

conducted using FUMA.
Results:

Individuals with both MASLD and T2D exhibited significantly elevated GGT and HOMA-IR
levels compared to those with either condition alone. MR analyses demonstrated a potential
causal effect of genetically predicted fasting insulin on GGT, independent of other metabolic

traits. Functional enrichment analysis revealed involvement of insulin signaling and lipid



metabolism pathways. Tissue expression highlighted predominant liver and pancreatic

expression of GGT-associated genes.
Conclusion:

These findings suggest that insulin resistance may contribute more strongly to GGT elevation in
MASLD than hepatic fat accumulation, though the comparatively weak instrument strength for
liver fat in the multivariable model warrants cautious interpretation of this comparison.
Genetically predicted fasting insulin showed a potential causal effect on GGT independent of
other metabolic traits. GGT appears to reflect underlying metabolic dysfunction, particularly
insulin resistance; however, further prospective and interventional studies are required before its

role as a predictive or clinically actionable biomarker can be established.



1. Introduction

Metabolic dysfunction-associated steatotic liver disease (MASLD) is a common non-viral
chronic liver disorder marked by excess hepatic fat (>5% hepatocytes) (ref. 1). MASLD
encompasses a spectrum of liver diseases ranging from simple steatosis, which is considered to
be a benign condition, to metabolic dysfunction-associated steatohepatitis (MASH), which is
characterized by liver inflammation and fibrosis (ref. 1). MASH may progress to cirrhosis and
hepatocellular carcinoma (HCC) (ref. 2, 3). The prevalence of MASLD has increased in recent
years, affecting 25% of the global population. In India, it ranges from 28-53% among the urban
population, suggesting a higher disease burden (ref. 4, 5). Type 2 Diabetes (T2D) is a metabolic
disorder characterized by hyperglycemia resulting from Insulin Resistance (IR) and impaired
insulin secretion (ref. 1, 6). MASLD and T2D frequently coexist, and their relationship is
considered bidirectional, with each condition increasing the risk and severity of the other (ref. 6—
10). Type 2 Diabetes promotes MASLD progression to cirrhosis and increases the risk of liver-
related mortality by two to threefold (ref. 11). Prediabetes, an intermediate hyperglycemic state
preceding T2D (ref. 12), is also associated with a high prevalence of MASLD (ref. 13, 14).
Insulin Resistance (IR) is a phenomenon that is critical for the development of MASLD in the
presence or absence of definite T2D (ref. 15). It precedes overt hyperglycemia and is highly
prevalent among individuals with MASLD (ref. 16-18). While the epidemiological association
between MASLD and glycemic traits is well established, it remains unclear whether insulin
resistance and related metabolic traits causally drive liver disease progression or simply reflect

shared metabolic dysregulation.

Gamma-glutamyl transferase (GGT) is a liver-derived enzyme widely used as a clinical marker

of hepatocellular injury (ref. 19). Beyond reflecting liver damage, elevated GGT levels have



been associated with insulin resistance and type 2 diabetes and cardiometabolic risk (ref. 20-22).
However, whether GGT elevation reflects hepatic fat accumulation per se or is mechanistically

linked to systemic insulin resistance remains uncertain.

To date, most studies examining the relationship between glycemic traits and MASLD have been
observational, limiting causal inference. The specific contribution of insulin resistance
independent of hepatic fat accumulation, to GGT elevation and disease severity has not been

clearly delineated.

To address these gaps, we combined clinical phenotyping with Mendelian Randomization (MR),
a genetic epidemiology approach that leverages genetic variants as instrumental variables to infer
causality. We aimed to compare MASLD severity across normoglycemia, prediabetes and T2D
and to evaluate whether genetically predicted insulin resistance related traits and hepatic fat exert
causal effects on GGT levels. By integrating clinical and genetic approaches, this study seeks to
clarify whether GGT serves primarily as a marker of hepatic fat accumulation or as a reflection

of systemic insulin resistance.

2. Materials and Methods:

2.1 Study Participants:

All participants in the discovery cohort were of Indian origin and recruited from SSKM Hospital,
Kolkata. Clinical histories were collected as described previously (ref. 23). Individuals with
alcohol use or secondary steatosis causes were excluded. Anthropometric data and fasting blood
samples were collected. Lipid profile, liver function tests and diabetes markers (FBG, Fl,
HbA1c) were measured using standard procedures. Insulin sensitivity was estimated using the

homeostasis model of insulin resistance (HOMA-IR) (ref. 24) in 391 individuals. Liver fat was



assessed by abdominal ultrasonography (USG) and proton MR spectroscopy (H1-MRS) in all

participants.

2.2 Validation cohort (NHANES 2017-2020 Pre-pandemic data)

To validate our findings, we used NHANES 2017-2020 pre-pandemic data which represents a
nationally representative, multi-ethnic U.S. population including Mexican American, Hispanic,
Non-Hispanic White, Non-Hispanic Black, Non-Hispanic Asian, and other racial/ethnic groups.
3729 adults with complete elastography, glucose, insulin, cardiometabolic, and liver test data
were initially included. 1143 were excluded due to potential liver disease (e.g., hepatitis B/C, or
alcohol use). Ultimately, 2586 individuals were included. Exclusion details are shown in

Supplementary Figure 1A.

2.3 Categorizing the study participants based on MASLD and Diabetes status

The 498 participants were divided into MASLD (n = 312) and no-MASLD (n = 186) groups
based on USG and MRS findings, along with the presence of at least one cardiometabolic risk
factor per the Delphi consensus (ref. 6). USG grade 0 and/or MRS fat < 5% defined the no-
MASLD group; USG grade > 1 and/or MRS fat > 5% with any of five cardiometabolic criteria
defined MASLD. Groups were further classified as ND, PD, or D using American Diabetic
Association (ADA) criteria: ND (FBG < 100 mg/dL, HbAlc < 5.7%), PD (FBG 100-125 mg/dL,

HbAlc 5.7-6.4%), and D (FBG > 125 mg/dL, HbAlc > 6.4%) (Figure 1A).

2.4 MASLD and Diabetes classification in NHANES data

The presence of hepatic fat deposition was evaluated using elastography based controlled
attenuated parameter (CAP), where a CAP score exceeding 275 dB/m indicated the presence of

hepatic steatosis (ref. 25). The diagnosis of MASLD included the presence of hepatic steatosis



along with either of the five cardiometabolic criteria following the multi-society Delphi
consensus as previously mentioned. Diabetes classification was done following the American
Diabetic Association (ADA) norms as previously mentioned. The detailed study design is

presented in Supplementary Figure 1B.

2.5 Histopathological evaluation

Liver tissue samples were available for a subset of MASLD individuals (n = 138) from a
previously characterized cohort described by Chatterjee et al. (ref. 23). In that study, liver biopsy
was performed as part of routine clinical evaluation in patients with suspected MASLD to
confirm diagnosis and assess disease severity, including steatosis, inflammation, hepatocyte
ballooning, and fibrosis. A part of the tissue was preserved in 10% Formalin solution and
embedded in paraffin blocks for histopathological evaluation. The paraffinized samples were
sectioned by microtome and haematoxylin and eosin staining was performed for morphological
evaluation. The histological evaluation was performed by a single examiner, as mentioned
previously (ref. 23). Disease severity was determined through NAFLD Activity Score (NAS)
(ref. 26, 27), which is the sum of steatosis score, hepatocyte ballooning and lobular inflammation
score. The fibrosis score was also calculated following the NASH-CRN criteria (ref. 27) to

determine the degree of fibrosis.

2.6 Clinicopathological characteristics and Liver Histopathology Scores

Clinicopathological characteristics like lipid profile, liver damage markers, aloumin, globulin,
creatinine, fasting Insulin were compared between the ND, PD and D Groups in MASLD as well
as no-MASLD group to compare how they change in people with MASLD, with increasing

severity of Type 2 Diabetes. Liver histopathology scores like Steatosis Score (SS), Hepatocyte



Ballooning Score (HBS), Lobular Inflammation Score (LI1S), Fibrosis Score (FIB), Portal
Inflammation Score (P1S) and NAFLD Activity Score (NAS) were compared to check the
proportion of individuals showing higher severity of liver damage based on histopathology

scores among the different subgroups.

2.7 Mendelian Randomization Analysis

2.7.1 Study Design and Data source

This study was designed according to the STROBE-MR guidelines (ref. 28) and the completed
checklist is provided as a supplementary file. Mendelian Randomization analysis relies on three
core assumptions: (i) relevance (genetic variants are associated with the exposure), (ii)
independence (variants are not associated with confounders), and (iii) exclusion restriction
(variants influence the outcome only through the exposure). For our bidirectional two-sample
Mendelian Randomization (MR), we used GWAS summary statistics to investigate the causal
relationship between IR-related traits and Gamma-Glutamyl Transferase (GGT) levels.
Specifically, we assessed the causal effects of fasting insulin (FI), fasting blood glucose (FBG),
glycated hemoglobin (HbAlc), and percentage liver fat (LF) on GGT levels, as well as in the

reverse direction, evaluating the causal influence of GGT on these metabolic traits.

The selected exposures were chosen to represent complementary aspects of insulin resistance,
glycemic regulation, and hepatic fat accumulation. Fasting insulin, derived from large-scale
GWAS in non-diabetic populations, is widely used as a genetic proxy for systemic insulin
resistance (ref. 29). Fasting blood glucose and HbAlc reflect short-term and long-term glycemic
status respectively (ref. 30). Percentage liver fat was included to distinguish the potential

contribution of hepatic steatosis from systemic insulin resistance in driving GGT levels.



For FI, FBG, and HbAlc, we obtained GWAS summary statistics from the Meta-Analysis of
Glucose- and Insulin-related traits Consortium (MAGIC) (ref. 31), which included 151,013;
200,622 and 146,806 European-ancestry individuals, respectively. The corresponding NHGRI-
EBI GWAS Catalog accession numbers are GCST90002238 (fasting insulin), GCST90002232
(fasting glucose), and GCST90002244 (HbA1lc). The summary statistics for MRI-derived liver
fat percentage was obtained from a GWAS conducted in 32,858 European-ancestry individuals

from the UK Biobank (ref. 32, accession GCST90016673).

For the outcome variable GGT, we used GWAS summary statistics based on 361,194 White-
British participants from the UK Biobank, as released by the Neale Lab
(https://www.nealelab.is/uk-biobank). In the reverse MR analysis, we examined whether

genetically predicted GGT levels influenced FI, FBG, HbAlc and percentage liver fat.

Since fasting insulin, fasting glucose, HbAlc, and liver fat are metabolically interrelated traits
and have been shown in prior studies to be phenotypically correlated and linked to insulin
resistance (ref. 33, 34), we performed multivariable MR analyses to isolate the direct effect of

each exposure conditional on the others.
2.7.2 Instrument Variable selection

Single Nucleotide Polymorphisms (SNPs) for each variable were selected based on a genome-
wide significance threshold P < 5 x 108, Quality control steps were implemented on these SNPs
to select eligible instrument variables (1Vs). Firstly, palindromic alleles (example: A/T or G/C)
were excluded. Secondly, SNPs for each variable were clumped with a Linkage Disequilibrium
(LD) threshold set at r>< 0.001 and a clumping window of 10000 kb, to select only independent

SNPs as 1Vs. LD was estimated based on the European-based 1,000 Genome Projects reference



panel (ref. 35). Thirdly, the MR pleiotropy residual sum and outlier (MR-PRESSO) test was
applied to detect potential horizontal pleiotropy and to eliminate the effects of pleiotropy by
removing outliers (ref. 36). Instrument strength was assessed using the F-statistic, and all
selected SNPs demonstrated F-statistics > 10, indicating adequate instrument strength. Detailed
SNP-level information, including the number of instruments per exposure and corresponding F-

statistics, is provided in Supplementary Table 1.

Unlike univariate MR, where Vs were selected independently for each exposure, in MVMR,
SNPs in LD with variants from another exposure were removed to ensure statistical
independence. As a result, the number of SNPs included in MVMR was lower than in the
univariate analysis. The LD threshold and the clumping window used for MVMR analysis were
same as the univariable MR analysis (r>< 0.001 and 10000 kb). The SNPs used for MVMR are

mentioned in Supplementary Table 1.
2.7.3 Statistical Analysis for MR

Since multiple 1Vs were used for each variable, random-effects inverse variance weighted (IVW)
test was used (ref. 37) along with MR-Egger regression (ref. 38) and weighted median method
(ref. 39). The IVW method assumes no horizontal pleiotropy (ref. 37). The MR-Egger assumes
the presence of pleiotropy in > 50% SNPs (ref. 38). The weighted median method assumes the
presence of pleiotropy in < 50% SNPs (ref. 39). The IVW method is reported to be slightly more
powerful than the others under certain conditions (ref. 39). Therefore, the results were mainly

based on the VW method, with the other two methods serving as its complements.

To assess robustness of significant results, we performed several sensitivity analyses. The

potential heterogeneity was examined by the Q test in the IVW test and the MR-Egger



regression. The intercept of the MR-Egger regression test was used to provide an estimate of the
degree of directional pleiotropy. Meanwhile, the leave-one-out analysis was performed to
determine whether the causal signal was driven by one SNP. Steiger directionality filtering was
performed to confirm that the selected genetic variants explained greater variance in the
exposure than in the outcome, thereby supporting the assumed causal direction. In the
multivariable MR framework, conditional instrument strength was assessed using Sanderson—
Windmeijer conditional F-statistics (ref. 40) as implemented in the MVMR package. Conditional
F-statistics greater than 10 were considered indicative of adequate instrument strength, consistent
with established methodological recommendations. All statistical analyses were conducted using
R (v4.0.3) using TwoSampleMR (v0.6.30) (ref. 41), MendelianRandomization (v0.10.0) (ref. 42)

and MVMR (v0.4.2) (ref. 40) packages.
2.8 Functional Mapping and Annotation (FUMA) Analysis

Functional annotation of loci associated with GGT was performed using the FUMA (v1.3.5)
web-based platform (ref. 43). Publicly available GWAS summary statistics on GGT from the
Neale Lab (UK Biobank) was used. Genome-wide significant loci were defined as non-
overlapping genomic regions that extend across an LD window of r> > 0.6 from the association
signals with P < 5 x 10, Independent (r* < 0.1) lead SNPs from each locus were defined as those
most strongly associated with the outcome at the specific region. Functional annotation of all
candidate risk SNPs was obtained from different repositories integrated in FUMA. These
functionally annotated SNPs were mapped to protein-coding genes using the following two
strategies: 1) positional mapping, with the maximum distance of 10kb to protein-coding genes
and 2) eQTL mapping, using information from GTEXx (v8) and cis- eQTLs and trans-eQTLs from

eQTLGen (false discovery rate < 0.05) of all independent statistically significant SNPs.



The mapped genes were analyzed using the gene2func module of FUMA, which performs gene
set enrichment analysis across biological pathways, canonical pathways, and GWAS catalog
phenotypes. Gene sets showing enrichment were identified based on FDR adjusted p-values, and
a subset of pathways relevant to insulin metabolism and glucose regulation were highlighted.
Tissue-specific differentially expressed gene (DEG) analysis was performed using the gene2func
module in FUMA, which integrates GTEXx v8 expression data. Genes mapped through positional
and eQTL mapping were assessed for upregulated, downregulated, and overall DEG enrichment
across 30 GTEX tissues. Significance was determined based on Bonferroni-adjusted p-values as a

default method in MAGMA analysis in FUMA.

The objective of the FUMA analysis was to provide biological context for the MR findings by
identifying enriched pathways and tissue expression patterns among GGT-associated loci,
particularly to evaluate whether these loci are functionally linked to insulin signaling and

metabolic regulation.

2.9 Statistical analysis

Differences in the continuous variables between the three groups were tested with non-
parametric test Kruskal-Wallis and pairwise comparison was done using t-test or Wilcoxon
Signed Rank test, as applicable. Univariate linear regression was used to assess the effect of
HbA1c and FBG on liver fat percentage and HOMA-IR on GGT levels, respectively.
Multivariate Linear regression was done with the same models to adjust for the effects of other
covariates. Lipid profile variables were examined descriptively across groups and did not show
substantial differences that would materially influence the observed associations; therefore, they
were not included as covariates in the regression models. Information on smoking status was not

consistently available across all participants and was therefore not included in the adjusted



models. All tests of significance were two-sided at a significance level of a = 0.05. Statistical

analysis was done with R (v4.0.3) (ref. 44) programming language unless specifically mentioned.
3. RESULTS
3.1 Type 2 Diabetes as a significant risk factor for hepatic steatosis in the study population

Linear regression was performed on 244 individuals with MRS-measured liver fat. FBG and
HbA1c were tested as predictors in univariate and multivariate models adjusted for age, BMI,
and sex. (Supplementary Table 2). Individuals receiving antidiabetic medications were excluded

from the study to minimize treatment-related confounding.

In multivariable models, HbAlc (B=1.9, P =2.0 x 10%) and FBG (B = 0.06, P = 0.02) remained
significantly associated with hepatic fat percentage. Standardized coefficients confirmed
independent associations (HbA 1c standardized f = 0.17, 95% CI = 0.06 to 0.27; FBG
standardized p = 0.13, 95% CI = 0.02 to 0.24). Clinically, this corresponds to an approximate
1.9% increase in liver fat for each 1% increase in HbAlc and a 0.6% increase in liver fat for
every 10 mg/dL increase in fasting glucose, independent of age, BMI, and sex (Supplementary

Table 2).
3.2 MASLD with Diabetes showed more severe disease phenotype

Histopathological evaluation was performed in a subset of MASLD individuals (n = 138) to
describe disease severity across glycemic groups. Among them, 76 belonged to the ND group, 40
to the PD group, and 22 to the D group. Descriptive analysis demonstrated a higher proportion of

advanced disease features in the D group compared with PD and ND groups.



The D group had 45.5% of individuals with MASH [NAFLD Activity Score(NAS) > 3],
compared with 32.5% in PD and 27.6% in ND (Figure 1B). Similarly, the proportions of
individual NAS components—including steatosis score (SS), hepatocyte ballooning score
(HBS), and lobular inflammation score (LIS)—were descriptively greater in the D group (Figure
1B). Severe fibrosis (FIB > 2) was observed in 22.7% of individuals in the D group. These
patterns were consistent with higher mean liver stiffness measurement (LSM) values in the D

group (Table 1).

These analyses are descriptive and intended to illustrate distributional differences across

glycemic strata.

In the validation data, 1095 individuals were categorized into the MASLD group and the no-
MASLD group consisted of 1491 individuals. Supplementary Table 3 summarizes the
demographic and clinical characteristics of MASLD and no-MASLD individuals, further
stratified by glycemic status (ND, PD, D). MASLD group had a higher prevalence of individuals

with diabetes (29.68%) as compared to no-MASLD group (9.3%).

3.3 Serum gamma glutamyl transferase levels were found to be a significant differentiator

of MASLD patients with diabetes

Anthropometric measurements and lipid profile did not show discreet differences among the ND,
PD and D groups in people with MASLD (Table 1). Also, there was no significant difference
among the most established liver damage markers such as ALT (Alanine Amino Transferase)
and AST (Aspartate Amino Transferase). Surprisingly, only GGT (Gamma Glutamyl
Transferase) was found to be significantly different in D group compared to both ND and PD

groups in MASLD (Figure 1C). Mean GGT level was observed to be 42.61 + 23.01 U/L in ND



(n=184), 46.16 + 38.65 U/L in PD (n=85) and 62.34 £ 29.75 U/L in D (n=43) groups of
MASLD, as compared to 33.02 + 16.75 U/L in ND (n=150), 34.22 + 14.94 U/L in PD and 37.54
+ 15.48 U/L in D groups of no-MASLD (Table 1). In the validation cohort, similar results were
observed in case of liver damage markers. Only GGT was found to be significantly elevated in D

group of MASLD as compared to the other groups (Figure 2A).

Individuals with alcohol use or secondary causes of steatosis were excluded at study entry,
thereby minimizing alcohol-related confounding. To assess whether the observed differences in
GGT were independent of demographic and metabolic covariates, we performed multivariable

regression analyses as described below.

3.4 HOMA-IR found to be significantly associated with GGT levels

HOMA-IR, which is the most established index for assessing Insulin resistance (IR) in clinical
and epidemiological studies, was also found to be significantly higher in D group of MASLD
with a mean HOMA-IR value of 4.91 £ 6.92 in our discovery cohort (Figure 1D) and 6.59 + 3.10

in the validation cohort (Figure 2B), showing a greater burden of Insulin resistance in this group.

To evaluate whether insulin resistance independently explains variation in GGT levels beyond
potential confounders, multivariable linear regression analyses were performed adjusting for age,
BMI, sex, MASLD status, and diabetes status. Liver fat was not included as a covariate in these

models to avoid over-adjustment, as MASLD status already reflects hepatic fat burden.

Multivariable regression showed HOMA-IR as a significant predictor of GGT in both the
discovery cohort (B = 2.0, P <0.001, N =391) (Figure 1E) and the validation cohort (f = 0.41, P

<0.001, N = 2586) (Figure 2B) while adjusting for age, BMI, sex, MASLD, and diabetes status.



Although the magnitude of the 3 coefficients differed between the discovery and validation
cohorts, both analyses were performed using identical model specifications and variable scaling.
The difference in effect size likely reflects variation in sample size and distributional
characteristics of HOMA-IR and GGT between the cohorts rather than differences in modeling

strategy.
3.5 Mendelian Randomization Analysis

3.5.1 Univariate Causal effect estimates of Insulin resistance associated traits with GGT

levels

A total of 22 SNPs were used as instrumental variables for fasting insulin, 6 for percentage liver
fat, 59 for HbAlc, and 45 for fasting glucose (Figure 3). MR-PRESSO analysis did not identify
significant outlier SNPs, suggesting no evidence of horizontal pleiotropy influencing the causal

estimates. All instruments demonstrated adequate strength (F-statistics >10), with detailed SNP-

level information provided in Supplementary Table 1.

Figure 3 displays the estimations of the causal impact of Fasting insulin, Percentage Liver Fat,
Fasting Glucose and Glycated hemoglobin levels (HbAlc) on GGT in the form of forest plot, for
each exposure utilizing various MR methods. In the IVW method, a significant causal
relationship was found in fasting insulin (B = 0.52, 95% CI=0.42 to 0.61, P =2.11 x 10"%) and
percentage liver fat (B = 0.06, 95% CI = 0.04 to 0.08, P = 3.33 x 10%") with GGT. The MR-
Egger and WM methods reached the same conclusion on fasting insulin (MR-Egger: = 0.37,
95% Cl =0.09 t0 0.64, P = 1.76 x 10%2; WM: B =0.57, 95% CI = 0.45 t0 0.69, P = 2.80 x 10?°)
and percentage liver fat (MR-Egger: p =0.07, 95% CI=0.04t0 0.1, P = 1.71 x 10%; WM: B =

0.06, 95% CI = 0.04 to 0.08, P = 2.63 x 10%7) with GGT . However, no significant causal



association was found in HbAlc levels (B = 0.02, 95% CI = -0.13 to 0.18, P = 0.78) and fasting

glucose (B = -0.05, 95% Cl = -0.22 t0 0.13, P = 0.59) with GGT.

3.5.2 Sensitivity Analyses

No evidence of heterogeneity was observed between the genetic IVs for fasting insulin and
percentage liver fat (Cochran’s Q test P > 0.05) but significant heterogeneity was observed in
case of genetic IVs for fasting glucose and HbAlc (Supplementary Table 4). None of the MR-
Egger regression intercepts deviated from null, indicating no evidence of horizontal pleiotropy
(all intercept P > 0.05) (Supplementary Table 5). Leave-one-out analysis confirmed robust and
consistent MR effect estimates (Supplementary Figure 2). In reverse MR analysis, there was no
evidence of a causal effect of GGT on each of the four insulin resistance associated traits
(Supplementary Table 6). Steiger directionality testing also confirmed that, for all exposures, the
genetic variants explained greater variance in the exposure than in GGT (all Steiger P-values <

0.001), supporting the assumed direction of causality (Supplementary Table 7).

To further address potential bias arising from partial sample overlap between the UK Biobank—
derived liver fat and GGT GWAS datasets, we applied MRIap correction (ref. 45). Following
correction, the association between percentage liver fat and GGT was attenuated and no longer
statistically significant (f = 0.097, 95% CI -0.021 to 0.216, P = 0.11), suggesting that the
univariable association may have been influenced by overlap-related bias (Supplementary Table

8).

3.5.3 Multivariable MR Analysis

In the multivariable MR (MVVMR) analysis, fasting insulin remained significantly associated

with GGT levels (p = 0.34, 95% CI = 0.04 to 0.64, P = 0.02), suggesting a potential causal effect



independent of the other metabolic traits. In contrast, fasting glucose (=0.06, 95% CI =-0.08 to
0.19, P = 0.41) and HbAlc (B =0.05, 95% CI=-0.13 to 0.22, P = 0.60) did not show significant
associations with GGT after adjusting for the effects of fasting insulin and percentage liver fat.
While percentage liver fat showed an association with GGT in univariate MR, this effect was
attenuated in MVMR (B = 0.06, 95% CI = -0.03 to 0.14, P = 0.18), suggesting that fasting
insulin may play a more prominent role in influencing GGT levels than hepatic fat accumulation
in the multivariable framework. Conditional F-statistics demonstrated adequate instrument
strength for fasting insulin (F = 12.86), fasting glucose (F = 43.05), and HbAlc (F = 32.57). The
conditional F-statistic for percentage liver fat was lower (F =7.77), indicating comparatively
weaker instrument strength in the multivariable setting (Table 2). Therefore, the estimated effect
of liver fat in the multivariable model should be interpreted with caution. The results of the

MVMR are provided in Table 2.

3.6 Functional annotation and pathway enrichment using FUMA

FUMA-based functional mapping of GGT-associated variants identified a total of 1733 protein-
coding genes, based on positional mapping, eQTL associations. The details of the genes are
provided in Supplementary Table 9. These mapped genes were further examined through gene
set enrichment and tissue-specific expression analyses using Gene2Func module of FUMA, with

the objective of providing biological context for the MR findings.

The results of pathway enrichment analysis showed that genes linked to GGT were significantly
enriched in insulin-related and metabolic pathways (FDR-adjusted P < 0.05). The top enriched
gene sets included those related to lipid metabolism, type 2 diabetes, fasting insulin regulation,
glucose homeostasis, and PI3K/AKT signaling (Figure 4A). Gene-level analysis revealed that

several key metabolic regulators contributed repeatedly across enriched pathways, including



GCKR, PPARG, HNF4A, SLC2A2, PTEN, RREB1, GLIS3, and PROX1. A detailed list of
enriched metabolism-related pathways and their overlapping genes is provided in Supplementary

Table 10.

Differential expression analysis using the Gene2Func module highlighted significant tissue-
specific expression patterns. The strongest enrichment was observed in liver tissue, consistent
with the hepatic origin of GGT. Enrichment was also detected in pancreas and gastrointestinal

tissues (Figure 4B).

4. Discussion:

MASLD and T2D are closely related metabolic diseases that often co-occur and share
mechanisms like insulin resistance and hepatic lipid accumulation (ref. 46). Consistent with
earlier reports (ref. 8-10), we found a high MASLD prevalence (76.7%) in T2D, confirming their
strong association. Individuals with MASLD or T2D often show elevated liver enzymes like
ALT and AST (ref. 47). However, the clinical relevance of gamma-glutamyl transferase (GGT),
another marker of hepatocellular injury and oxidative stress (ref. 48), remains comparatively

underexplored.

In this study, we integrated clinical phenotyping, Mendelian Randomization (MR), and
functional annotation of GWAS loci to investigate the relationship between insulin resistance

related traits, hepatic fat accumulation, and GGT levels in the context of MASLD.

Our clinical results highlight increased metabolic burden in individuals with both MASLD and
T2D, marked by significantly higher GGT and HOMA-IR compared to either condition alone

(Figure 1). The NHANES dataset replicated these findings, reinforcing their robustness (Figure



2). This consistency across independent cohorts supports the potential role of GGT as a

biomarker reflecting metabolic stress associated with insulin resistance in MASLD.

To overcome the shortcomings of observational associations and estimate potential causality, we
carried out Mendelian Randomization (MR), using genetic instruments of insulin resistance-
related traits. In univariable MR, both fasting insulin and percentage liver fat had significant
causal effects on the level of GGT, which indicates that both insulin resistance and hepatic lipid
deposition could be independent contributors to GGT increase (Figure 3). However, in
multivariable MR, only fasting insulin retained significance (Table 2). These findings suggest
that genetically predicted fasting insulin may play a more direct role in influencing GGT levels
than hepatic fat accumulation when these exposures are considered simultaneously. However,
given the comparatively lower instrument strength for percentage liver fat in the multivariable
MR model (conditional F = 7.77), this comparison should be interpreted with caution. No
significant causal effects were observed for fasting glucose and HbAlc suggesting that markers
reflecting glycemic control may be less directly associated with GGT levels than traits related to

insulin resistance (Figure 3).

Insulin resistance may enhance GGT expression via oxidative stress, glutathione metabolism,
and disrupted hepatic insulin signaling. Disruption of insulin signaling pathways may promote
oxidative stress and metabolic imbalance in hepatocytes, leading to compensatory upregulation
of GGT to maintain glutathione homeostasis (ref. 49-51). These mechanisms provide a plausible
biological link between insulin resistance and elevated GGT levels in metabolic liver disease. To
further explore the biological basis of these findings, we performed gene-set enrichment and
tissue-specific expression analysis using FUMA. Gene-set enrichment analysis indicated

significant enrichment of pathways related to lipid metabolism, insulin signaling, and glucose



homeostasis among GGT-associated loci. Among the top gene sets were genes for fasting
insulin, type 2 diabetes, PI3K-AKT signaling, and lipid binding (Figure 4). Gene-level analysis
further identified several genes repeatedly contributing to these enriched pathways, including
GCKR, PPARG, HNF4A, SLC2A2, PTEN, RREB1, GLIS3, and PROX1 (Supplementary Table
10), many of which have established roles in metabolic regulation and glucose homeostasis (ref.
52, 53). All of these results suggest that the increase in GGT levels seen in individuals with
MASLD is not simply due to steatosis and inflammation, but rather a systemic metabolic

dysfunction, especially in relation to the insulin signaling system.

Tissue expression analysis showed GGT-linked genes were predominantly expressed in the liver,
consistent with GGT’s hepatic origin (Figure 4). Enrichment was also observed in pancreas and
gastrointestinal tissues (Figure 4), suggesting that these genes may be expressed within broader

metabolic and endocrine regulatory networks.

Together, our findings support that GGT is not simply a downstream marker of liver injury but
also reflects upstream metabolic dysfunction, particularly insulin resistance. The use of MR to
establish a directional and causal link between fasting insulin and GGT provides critical support
for this interpretation and also mitigates concerns about reverse causality or residual
confounding. Clinically, these findings support GGT as a marker reflecting insulin resistance—
related metabolic stress in MASLD. However, further prospective and interventional studies are
required to establish its role as a predictive or clinically actionable biomarker. These results
suggest that insulin resistance may be more strongly associated with GGT levels than hepatic fat

in MASLD, although this should be interpreted with caution.

Despite the strengths of our study, including multi-cohort validation and integrative functional

annotation, certain limitations must be acknowledged. The cross-sectional design of the clinical



component limits causal inference, though this is addressed through the application of MR.
Histological data for liver fibrosis or inflammation were not available in all participants, which
may constrain phenotypic resolution. An additional consideration is the difference in hepatic fat
assessment methods across datasets. In the clinical cohort, hepatic steatosis was evaluated using
ultrasonography and H-MRS, whereas the MR analysis utilized MRI-based PDFF
measurements from the UK Biobank GWAS. MRI-PDFF provides quantitative and highly
sensitive assessment of hepatic fat, while ultrasound is semi-quantitative and less sensitive for
mild steatosis. However, both modalities capture hepatic fat accumulation as the underlying
biological phenotype. Importantly, the MR analysis estimates genetically predicted liver fat
independent of measurement modality, thereby reflecting lifelong predisposition rather than
cross-sectional imaging variation. Differences in measurement techniques may influence direct
comparability of effect sizes and should be considered when interpreting the findings. Another
limitation relates to the ancestry of the GWAS datasets used for MR analysis. The exposure and
outcome GWAS were primarily derived from individuals of European ancestry, whereas the
clinical cohort consisted of individuals of Indian origin. Although genetic effects for metabolic
traits are generally consistent across populations, differences in allele frequencies or linkage
disequilibrium patterns may influence transferability of genetic instruments. In addition, while
multiple sensitivity analyses were performed to assess potential pleiotropy, including MR-Egger
and leave-one-out analyses, the possibility of residual horizontal pleiotropy cannot be completely
excluded. Finally, the number of instrumental variants available for certain exposures,
particularly percentage liver fat, was relatively limited, which may reduce statistical power in

multivariable MR models.
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Figure Legends:

Figure 1 : A) Schematic representation of study design for categorizing participants in the
discovery cohort (N = 498) into MASLD (N = 312) and no-MASLD (N = 186) groups, further
stratified by diabetes status: no-diabetes (ND), prediabetes (PD), and diabetes (D).

B) Stacked bar plots showing the distribution of MASLD severity grades across ND, PD, and D
groups.

C) Violin plots of serum GGT levels in MASLD and no-MASLD groups stratified by ND, PD,
and D status.

D) Violin plots of HOMA-IR levels in MASLD and no-MASLD groups across the three diabetes
status categories.

E) Scatter plot showing the relationship between serum GGT and HOMA-IR levels, with a fitted
linear regression line. The regression model was adjusted for age, BMI, sex, MASLD status, and

diabetes status.

Figure 2: A) Violin plots showing serum levels of liver damage markers—ALT, AST, and
GGT—in MASLD and no-MASLD groups stratified by diabetes status: ND, PD and D in the
validation cohort. Statistical significance between subgroups was assessed using the Kruskal—
Wallis test.

B) Violin plots depicting HOMA-IR levels across ND, PD, and D subgroups within MASLD and
no-MASLD groups. A linear regression analysis was performed to assess the association
between serum GGT and HOMA-IR levels, adjusted for age, BMI, sex, MASLD status, and

diabetes status in the validation cohort.



Figure 3: Forest plot showing the causal effects of four metabolic risk factors—fasting insulin,
percent liver fat, glycated hemoglobin (HbA1c), and fasting glucose—on serum GGT levels, as
estimated using univariate Mendelian Randomization (MR). Three MR methods were applied:
inverse variance weighted (IVW), MR Egger, and weighted median. The x-axis represents the
beta estimate for GGT per standard deviation (SD) increase in each risk factor, with
corresponding 95% confidence intervals. Significant associations were observed for fasting

insulin and percent liver fat, indicating a potential causal effect on GGT levels

Figure 4: A) Gene set enrichment analysis (GSEA) results from FUMA using genes associated
with GGT levels. The top enriched gene sets include insulin signaling, glucose metabolism, lipid
binding, and type 2 diabetes—related pathways, highlighting the metabolic relevance of GGT-
associated loci.

B) Tissue-specific expression analysis using the gene2func module in FUMA, showing
differentially expressed genes (DEGs) across multiple tissue types. Notably, GGT-associated
genes were significantly upregulated in liver, pancreas, and stomach tissues, indicating their
functional relevance in metabolic regulation. Significant tissues, after multiple testing corrections

are shown in red
Table Legends:

Table 1: Comparison of clinicopathological characteristics among study groups in the discovery

cohort

Table 2: Multivariable MR results for glycemic traits and liver fat on GGT levels



Table 1: Comparison of clinicopathological characteristics among study groups in the
discovery cohort

MASLD(N=312) no_MASL D(N=186)
ND PD D ND PD D
Parameters N = N = N = P- N = N= N = p-
184 85 43 value 150 23 13 value
40 43 <000 40 46
age an 4O G "1 12 e 51O o000
26.6 269 266 216 226 208
BMI 39 @5 @2 % w1y @7 s °3
SEX 0.6 0.3
Viale 9% 39 23 80 16 7
(52%) (46%) (53%) (53%)  (70%) (54%)
88 46 20 70 7 6
Female
(48%) (54%) (47%) (47%) (30%) (46%)

. 158 156 156 158 160 158
Height(cm 0.13 0.5

ght(cm) © ©® (10 10) (11 (1)

. 67 65 54 58 53
Weight(kg) (10) 66 (8) (13) 0.6 (11) 11)  (12) 0.2
Hip circumfer- 100 101
noe(em) 9O 7 g 04 %@ 8@ 866 003
Waist Circumfer- 94 80 85
enee(om) 2@ 9%®) q9 02 3 g 8O 013

51 46 51 32 39
ALT(U/L) @ @y (3 %4 oo en 28® 003
40 38 45 31 32
AST(U/L) on @0 o %9 G0z 256 003
43 46 62 <000 33 34 38
GGT(UL) 23 (39 (30 1 (a7 (@5 @as) 94
Triglycer- 162 15 201 . 125 147 177
ide(mg/dL) ©4) (103) (159 O3 @9) (67) (88)
Total choles- 181 180 187 0.9 163 179 202 0.002
terol(mg/dL) @4 (39) (53) 9 39 @) @)
HDL (mg/dL) 0@ O 3g@ o7 M 4L 46 4,

(10) 13 (10 (11



LDL(mg/dL)
VLDL (mg/dL)

C-reactive pro-
tein(mg/dL)

Liver Stiffness
measure (K/Pa)

Creatinine(mg/dL)

HOMAIR

109
(42)

31
(12)

4.2
(3.5)

5.48

(1.88)

0.98

(0.17)

1.66

(1.31)

108
(38)

30
(13)

4.8
(3.3)

6.29
(3.68)

0.98
(0.16)

1.61
(0.73)

111
(42)

34
(17)

6.0
(4.4)

8.80
(7.66)

0.94
(0.15)

4.91
(6.92)

>0.9

0.4

0.01

0.001

0.4

<0.00
1

92
(39)

25
(10)

3.68
(3.30)

4.73
(1.79)

0.96
(0.18)

1.21
(0.88)

112
(29)

29
(13)

4.78

(4.68) (0.69)

4.46

(0.78)  (5.29)

1.06

(0.24) (0.15)

1.21

(0.44) (2.43)

120
(34)

35
(17)

1.74

6.89

0.96

2.39

<0.00

0.054

0.027

0.2

0.2

0.01

Values are pre-
sented as mean
(SD) or n (%).

p-values are from
Kruskal-Wallis test

(for continuous vari-
ables) and Pearson’s
chi-squared test (for

categorical varia-
bles).



Table 2: Multivariable MR results for glycemic traits and liver fat on

GGT levels

Exposure

Fasting
glucose

Fasting
insulin

Glycated
hemo-
globin
levels

Percent
liver fat

Outcome

Gamma glu-
tamyltransfer-
ase

Gamma glu-
tamyltransfer-
ase

Gamma glu-
tamyltransfer-
ase

Gamma glu-
tamyltransfer-
ase

nSN

P

40

14

49

2

beta

0.05

0.34

0.04

0.05
7

P_
se valu
e

0.07 940

0.15 0.02

0.09 0.59

0.04 0.17
2 9

Estimates are adjusted for all included exposures using
multivariable MR.
ClI: Confidence Interval; se: Standard Error; nSNP: number of Single Nu-
cleotide Polymorphism.

Cl(low
er)

0.079
29

0.043
22

0.128
39

0.026
18

Condi-
Cl(up tional
per)  F-sta-
tistics
0.194 43.04
6 549
0.642 12.85
95 591
0.223 32.56
24 58
0.139 7.767
99 7



w

STUDY DESIGN Steatosis Score Hepatocyte Ballooning Score
— i i "
= i [ ry
i i B

‘_::F'l o ! [

ﬂ:&f_:l:: = Thmelll:mnn = e m..,‘:.' el b

Lobular Inflammation Score Fibrosis Score
e e Bl 5“ Lia éu_
= - - i Wk

Mﬂ.ﬂ_(pﬂl. LE1) o

a1 h M Dbt * I .

LAY
NAFLD Activity Score
oS
rpsionni L .
‘ h - - %u i
. i
| am
o i ; st N
MASLD |  no-MASLD N= MASLD |  no-MASLD
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000027 0.39 6.5e05 0.026
47606 017 % 6deT 0.0027
W (i 02 X i 0092 0.56

GGT(U/L)
g
=3¢ g
HOMA-IR
=

9 46

_— - N=h3 _— =l rh N=131 Neg1 Nells M-l Nelx
Ne1T
B P D D T D ¥ " D 0 ' o
Diabetes Status Diabetes Status
125 - l GGT |
. Characteristic Beta 95% CI p-value
. [HOMAIR 1 2 0.87, 3.2 <0.001
i . Lt age -0.14 -0.36, 0.09 0.2
& . - Sex
- Male —_ —_
g - Female -7.9 -13,-2.6 0.004
; BMI 0.73 0.03,1.4 0.04
8 Diabetes Status
50 ND o -
PD 3.9 -2.8,11 0.3
D 13 3.7, 22 0.006
MASLD Status
2 no_MASLD — —
MASLD 7.5 1.2,14 0.02
L No. Obs. 391
H : & B Cl = Confidence Interval

4
HOMA-IR
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ALT (U/L)

IS
S

20

75
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25

20
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HOMA-IR

MASLD | no MASLD MASLD | no_MASLD
Kruskal-Wallis, p = 0.051 Kruskal-Wallis, p = 0.0047 601 Kruskal-Wallis, p = 0.064 Kruskal-Wallis, p = 0.0026
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Fasting insulin P-value No. of IVs Beta(Cl)
Inverse variance weighted 2.11394e-26 ||22 0.52 (0.42 - 0.61) . 5
MR Egger 1.76382e-02 ||22 0.37 (0.09 - 0.64) —a—
Weighted median 2.80611e-20 ||22 0.57 (0.45 - 0.69) -
Percent liver fat
Inverse variance weighted 3.33258e-07 ||6 0.06 (0.04 - 0.08) L
MR Egger 1.71296e-02 ||6 0.07 (0.03 - 0.1) [ |
Weighted median 2.63377e-07 ||6 0.06 (0.04 - 0.08) |
Glycated hemoglobin levels
Inverse variance weighted 0.78130 59 0.02 (-0.13 - 0.18) —L—
MR Egger 0.69650 59 0.06 (-0.22 - 0.33) ——
Weighted median 0.65261 59 0.02 (-0.05 - 0.09) T
Fasting glucose
Inverse variance weighted 0.59698 45 -0.05 (-0.22 - 0.13) —J—
MR Egger 0.99297 45 0 (-0.31-0.3) —a—
Weighted median 3.06408e-03 ||45 0.09 (0.03 - 0.15) L
5 -1 0 1 2

Beta for GGT per SD increase in Risk factor (95% confidence interval)




Gene Sets/Traits

Fasting insulin

Alzheimer's disease or fasting glucose levels (pleiotropy)
Type 2 diabetes
KEGG_MATURITY_ONSET_DIABETES_OF_THE_YOUNG
Fasting blood glucose (BMI interaction)

Fasting blood glucose adjusted for BMI

Fasting blood glucose
WP_PI3KAKT_SIGNALING_PATHWAY

Lipid metabolism phenotypes

Blood glucose levels

GOMF_LIPID_BINDING

Medication use (drugs used in diabetes)

Type 2 diabetes (adjusted for BMI)

Fasting glucose

Fasting blood insulin adjusted for BMI
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