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Purpose: The development of metabolic dysfunction-associated steatotic liver disease (MASLD) in people living with HIV (PLWH)
is more complex than in the general population. Despite this, PLWH are often excluded from large-scale MASLD studies. This study
aims to develop and validate a nomogram for predicting the risk of MASLD in PLWH.

Patients and Methods: This retrospective cohort study included PLWH who attended the outpatient clinic at Ningbo Hospital of
Integrated Traditional Chinese and Western Medicine. A total of 717 participants were randomly assigned at a ratio of 7:3. Least
absolute shrinkage and selection operator (LASSO) regression was employed to identify significant predictors of MASLD.
A multivariable Cox regression model was then utilized to develop a nomogram for predicting the risk of MASLD. The performance
of the nomogram was assessed using the concordance index (C-index), receiver operating characteristic curve, calibration plots, and
decision curve analysis (DCA). Competing risk analysis was conducted to further validate the identified predictors.

Results: The LASSO regression analysis identified eight independent predictors, including the antiretroviral therapy regimen, alanine
aminotransferase, serum amylase, uric acid, triglycerides, high-density lipoprotein cholesterol, and CD4 and CD8 T lymphocyte
counts. The Area Under the Curve (AUC) for 1-, 3-, and 5-year outcomes in the development cohort ranged from 0.793 to 0.830, while
the validation cohort exhibited AUC ranging from 0.749 to 0.903. Calibration plots confirmed a robust agreement between the
predicted and observed outcomes. The C-index and DCA indicated the superior prediction performance of the nomogram. This
relationship remained statistically significant after using the competing risk analysis.

Conclusion: This study developed the first clinical nomogram specifically for PLWH based on the 2023 MASLD definition. The
model is based on eight clinically accessible and objective variables, including HIV-specific parameters, and is intended for the early
screening of MASLD within this population.
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Introduction

The advent of effective antiretroviral therapy (ART) has transformed human immunodeficiency virus (HIV) from a fatal
disease into a manageable chronic condition. However, this transformation has been accompanied by an increasing
prevalence of non-communicable diseases, including metabolic dysfunction-associated steatotic liver disease (MASLD),
which is driven by metabolic risk factors such as obesity, insulin resistance, dyslipidemia, and chronic low-grade
inflammation. The prevalence of MASLD among people living with HIV (PLWH) is 13.9%, as revealed in cohort
study, and it is influenced by metabolic characteristics, age, disease duration, and ART regimen.>* In comparison, recent
epidemiological data indicate that the prevalence of MASLD in the general Chinese population is approximately 16.9%
(95% CI, 14.7%—18.9%).* Differences in overall prevalence across populations may reflect heterogeneity in the
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underlying pathogenesis. Moreover, PLWH with MASLD have been reported to exhibit more advanced fibrosis and
faster disease progression, underscoring the clinical importance of early identification in this population.” In 2023,
nonalcoholic fatty liver disease (NAFLD) was officially redefined as MASLD.® Unlike NAFLD, MASLD is character-
ized by a robust association with metabolic dysfunction, offering a more comprehensive framework for evaluating liver
disease in this population. The pathogenesis of MASLD begins with hepatic steatosis, where unmitigated tissue injury
and repair cycles drive the progression to fibrosis, cirrhosis, and ultimately hepatocellular carcinoma.” MASLD has
emerged as the most prevalent hepatic disease among PLWH in the United States.® However, clinical understanding of
MASLD in PLWH remains limited, as individuals with HIV are frequently excluded from large-scale MASLD studies.
This exclusion impedes efforts to clarify its natural history, identify unique risk factors, and establish optimal manage-
ment strategies for this vulnerable population. Incretin-based therapies, particularly glucagon-like peptide-1 receptor
agonists, have shown substantial therapeutic potential in the treatment of MASLD.”'* Therefore, early detection and
intervention are crucial. Identifying modifiable risk factors may help reverse the disease during its early stages.

The pathogenesis of MASLD in PLWH differs substantially from that in the general population. PLWH with MASLD
typically demonstrates more advanced fibrosis.” Latent HIV reservoirs persist even in individuals undergoing effective
ART." HIV itself directly contributes to the progression of hepatic steatosis by disrupting adipogenesis and adipokine
synthesis.'? Although ART is life-saving, it plays a pivotal role in the distinct mechanisms driving MASLD in PLWH.
Certain antiretroviral drugs are associated with adverse metabolic effects, such as dyslipidemia, insulin resistance, and
mitochondrial toxicity.'* The pathogenesis of MASLD in PLWH is shaped by a combination of shared and HIV-specific
factors, which complicates the identification of MASLD risk factors within this population.

Nomograms have considerable advantages in identifying and predicting the risk of MASLD. While they have been

extensively applied in risk prediction for non-HIV-infected individuals,'* "¢

their application in PLWH remains
unexplored. Building on our previous study that established a predictive model for metabolic syndrome in PLWH,'”
this study further integrates hepatic steatosis—related parameters with metabolic indicators to develop a more compre-
hensive and individualized nomogram for predicting the risk of MASLD. This comprehensive data integration enables

a more personalized evaluation of MASLD risk in PLWH, accounting for the complex interplay of metabolic and HIV-
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related factors in this population. Additionally, nomograms convert statistical risk models into visual, user-friendly
formats, allowing clinicians to easily estimate an individual’s risk, thereby facilitating early detection and intervention.
By expanding our previous research and systematically incorporating hepatic and metabolic parameters, our study
offers a novel and comprehensive framework for the prevention, risk stratification, and management of MASLD in
PLWH.

Materials and Methods

Data Source and Study Population

This is a retrospective cohort study. PLWH who visited Ningbo Hospital of Integrated Traditional Chinese and Western
Medicine at least twice between November 2018 and September 2024 were included in the study. As the designated
healthcare facility for PLWH in the region, this hospital serves the majority of PLWH in the area. Inclusion criteria were:
(1) a confirmed HIV diagnosis by the Centers for Disease Control; and (2) age over 18 years. Exclusion criteria were: (1)
baseline MASLD; (2) other liver diseases, including autoimmune or viral hepatitis, alcohol- or drug-induced liver
diseases, cholestatic diseases, and hereditary liver diseases; and (3) missing baseline records. (4) switching ART
regimens during follow-up due to virological failure or other reasons. (5) Drinking history, which was defined as alcohol
consumption not exceeding 140 grams per week for females and 210 grams per week for males. A total of 717 PLWH
participated in the study. The participants were then randomly assigned to a development cohort and a validation cohort
in a 7:3 ratio, with 502 participants in the development cohort and 215 in the validation cohort (Figure 1). The study was
approved by the Institutional Review Board of Ningbo Hospital of Integrated Traditional Chinese and Western Medicine
(Approval No.: 2023-050). The data were anonymized and handled in accordance with confidentiality requirements. The
requirement for informed consent was waived due to the retrospective study design. This study was conducted in
accordance with the Declaration of Helsinki.

Clinical Variables

The potential influencing factors were selected based on their clinical relevance and the support provided by existing
literature. These factors are readily accessible from medical records and laboratory test results. The first outpatient visit
of PLWH was defined as the baseline follow-up. All patients underwent a comprehensive review of their medical history
and a thorough physical examination. The initial factors included basic demographic information (age, sex, transmission
category, ART regimen), a history of hypertension and diabetes, and laboratory test results, including fasting blood
glucose (FBG), alanine aminotransferase (ALT), aspartate aminotransferase (AST), serum amylase, indirect bilirubin
(IBIL), direct bilirubin (DBIL), uric acid (UA), creatinine (CREA), blood urea nitrogen (BUN), total cholesterol (TC),
triglycerides (TG), high-density lipoprotein cholesterol (HDL-C), CD4 T lymphocyte count, CD8 T lymphocyte count,
and HIV viral load. All subjects fasted for approximately 8 hours prior to laboratory testing.

Outcome

All PLWH were followed up approximately every three months. The primary outcome of this study was the incidence of
MASLD. Hepatic steatosis was diagnosed using color Doppler ultrasound, based on markedly increased echogenicity of
the liver compared to the kidney, elevated liver parenchymal brightness, or blurring of blood vessels.'® Liver ultrasono-
graphy was performed by trained sonographers. MASLD was diagnosed based on the presence of hepatic steatosis and at
least one component of metabolic dysfunction, defined by the following criteria: 1) Body mass index (BMI) >24 kg/m?,
or waist circumference >90 cm for males and >85 cm for females; 2) hypertension; 3) pre-diabetes or diabetes; 4) fasting
serum TG level >1.7 mmol/L, or treatment with hypolipidemic drugs; 5) HDL-C <1 mmol/L for males and <1.3 mmol/L
for females. We adopted the most recent version of the diagnostic criteria released by the Chinese Society of Hepatology
to ensure its applicability for the Chinese population.'® In addition, all-cause death without prior MASLD was treated as

a competing event.
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Decision curve analysis curve

Figure | Flowchart of the study design.

Statistical Analysis

Statistical analyses were performed using R software (v4.4.2) and IBM SPSS Statistics (v29.0), with a significance level
set at P < 0.05. Categorical data were expressed as frequencies and percentages, and were compared using the chi-square
test or Fisher’s exact test, as appropriate. Continuous variables were expressed as medians with interquartile ranges (IQR)
and compared using the Mann—Whitney U-test. Prior to variable selection for model development, Spearman’s rank
correlation analysis was conducted to evaluate potential multicollinearity among candidate predictors. The analysis
revealed a strong correlation between ALT and AST (r > 0.7); therefore, AST was excluded from the model. All other
variables exhibited correlation coefficients < 0.7. Variance inflation factor (VIF) analysis further confirmed the absence of
significant multicollinearity, as all VIF values were below 5.

Construction and Validation of Predictive Models

PLWH were randomly assigned to the development and validation cohorts in a 7:3 ratio. The development cohort was
used to construct the risk prediction model, while the validation cohort was utilized for internal validation. The process
was conducted as follows: (1) Screening of characteristic factors: Variable selection and complexity adjustment were
performed using least absolute shrinkage and selection operator (LASSO) regression analysis, conducted with the
“glmnet” package. The results of the LASSO regression analysis were employed to identify the characteristic factors
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with A # 0. To improve figure clarity and reduce label overlap, we generated the LASSO coefficient path plot using the
“ggplot2” package, displaying only the selected key variables and presenting their labels in the legend. (2) Nomogram
development: The nomogram was developed using the “rms” package. Each regression coefficient from the multivariate
Cox regression analysis was proportionally mapped onto a scale ranging from 0 to 100, with the variable exhibiting the
highest absolute B coefficient assigned a value of 100%. The individual scores for each independent variable were
summed to calculate the total score, which was then converted into predicted probabilities. (3) Model training, validation,
and testing: The “timeROC” package was used to plot Receiver Operating Characteristic (ROC) curves and calculate the
Area Under the Curve (AUC) to assess the model’s accuracy and discriminative power for 1-, 3-, and 5-year predictions.
The concordance index (C-index) and calibration methods from the “rms” package were applied to address potential
overfitting. Additionally, a decision curve analysis (DCA) was performed using the “rmda” package to evaluate the
clinical utility of the predictive model.

Competing Risk Sensitivity Analysis

To address the potential impact of competing events, we additionally performed a competing risk analysis using the
“cmprsk” package. Given that death may preclude the occurrence of MASLD, all-cause death without prior MASLD was
treated as a competing event. The cumulative incidence function (CIF) of MASLD was estimated using the Fine—Gray
subdistribution hazards model. Subdistribution hazard ratios (HRs) with 95% confidence intervals (CI) were calculated to
evaluate associations between candidate predictors and the cumulative incidence of MASLD in the presence of
competing risk. The same set of variables selected for the multivariable Cox regression model was included in the
competing risk analysis. Results from the Fine—Gray model were compared with those from the Cox proportional hazards
model to assess the robustness of the identified risk factors.

Results

Comparison of Baseline Characteristics

Among the 717 participants, 502 (70%) were assigned to the development cohort, and 215 (30%) to the validation cohort.
In the development and validation cohorts, 66 (13.1%) and 28 (13.0%) participants, respectively, were diagnosed with
MASLD. The overall median follow-up time was 2.7 (1.4, 4.0) years, corresponding to a total of 1971 person-years of
observation. In the development cohort, the median follow-up time was 2.7 (1.5, 4.0) years, with 1388 person-years
accumulated, whereas the validation cohort had a median follow-up time of 2.7 (1.2, 3.9) years and contributed
583 person-years. During follow-up, 66 (13.1%) participants in the development cohort and 28 (13.0%) in the validation
cohort were diagnosed with MASLD. As anticipated, no significant differences were observed between the two groups,
indicating that the baseline characteristics were comparable (Table 1).

Screening of Characteristic Factors for MASLD Risk

LASSO regression analysis was conducted with the occurrence of MASLD as the dependent variable. Variables were
selected using 5-fold cross-validation, and the results are illustrated in Figure 2. The initial set of 20 variables was
narrowed down to 8 potential predictors based on the optimal penalty parameter (Lambda.min = 0.024). These predictors
included ART regimen, ALT, serum amylase, UA, TG, HDL-C, CD4 and CD8 T lymphocyte counts. These 8 features
were identified by nonzero coefficients in the LASSO logistic regression model.

Construction of the Prediction Model

The aforementioned factors were incorporated into a multivariable Cox regression analysis to develop a nomogram for
predicting the risk of MASLD in the development cohort. The resulting nomogram is presented in Figure 3. The risk
score for each variable, derived from the score bar at the top, is aggregated to generate a total score. This total score is
subsequently used to calculate the 1-, 3-, and 5-year overall MASLD probabilities. A higher total score correlates with
a greater risk of developing MASLD in PLWH following ART. To facilitate clinical implementation, we developed an
Excel-based risk calculator derived directly from the multivariable Cox proportional hazards model (Table S1).
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Table | Baseline Characteristics in Development and Validation Cohorts

Variable Development Cohort (n=502) | Validation Cohort (n=215) | P-value
Gender (%) 1.000
Male 436 (86.9) 187 (87.0)
Female 66 (13.1) 28 (13.0)
Age (years) 37 (28, 49) 35 (28, 49) 0.876
Transmission category (%) 0.348
Unknown 35 (7.0) 22 (10.2)
MSM 233 (46.4) 96 (44.7)
Heterosexual 234 (46.6) 97 (45.1)
ART regimen (%) 0.694
NNRTIs-based 338 (67.3) 138 (64.2)
Pls-based 9 (1.8) 4 (1.9)
INSTIs-based 155 (30.9) 73 (34.0)
Type 2 diabetes (%) 1.000
Yes 21 (42) 9 (4.2)
No 481 (95.8) 206 (95.8)
Hypertension (%) 0.603
Yes 92 (18.3) 43 (20.0)
No 410 (81.7) 172 (80.0)
FBG (mmol/l) 5.3 (5, 59.0) 5.3 (48, 5.9) 0.333
ALT (U/L) 24.0 (16.0, 36.6) 222 (l6.1, 36.0) 0.693
Serum amylase (U/L) 73.5 (60.0, 89.2) 75.9 (58.0, 89.0) 0.788
IBIL (umol/L) 5.8 (4, 7.9.0) 59 42,79) 0.634
DBIL (umol/L) 1.9 (1.5, 2.6) 2 (1.4,26) 0.753
UA (umol/L) 347.6 (295.5, 406.6) 349.1 (293.6, 416.4) 0.576
CREA (umol/L) 65.0 (56.0, 75.0) 68 (57.6, 76.3) 0.065
BUN (mmol/L) 45 (3.8,53) 4.6 (3.9, 5.5) 0.133
TC (mmol/L) 43 (3.7,49) 44 (3.9,5.0) 0.094
TG (mmol/L) 1.4 (1, 2.1.0) 1.4 (1, 2.1.0) 0.634
HDL-C (mmol/L) 1.1 (0.9, 1.2) 1.1 (0.9, 1.3) 0.265
CD4 T lymphocyte count (cells/uL) | 366.0 (237.8, 496.3) 373.0 (237.0, 492.0) 0.968
CD8 T lymphocyte count (cells/ul) | 643.5 (469.8, 897.3) 653.0 (435.0, 909.0) 0.666
HIV viral load (log copies/mL) 1.0 (1.0, 2.8) 1.0 (1.0, 2.7) 0.614

Note: Continuous variables were expressed as median (IQR) and categorical as n (%).

Abbreviations: MSM, men who have sex with men; ART, antiretroviral therapy; NNRTIs, non-nucleoside reverse transcriptase inhibitors;
Pls, protease inhibitors; INSTIs, integrase strand transfer inhibitors; FBG, fasting blood glucose; ALT, alanine aminotransferase; IBIL, indirect
bilirubin; DBIL, direct bilirubin; UA, uric acid; CREA, creatinine; BUN, blood urea nitrogen; TC, total cholesterol; TG, triglyceride; HDL-C,
high-density lipoprotein cholesterol.

Validation of the MASLD Nomogram

The C-index was 0.803 (95% CI: 0.765—0.856) for the development cohort and 0.803 (95% CI: 0.747-0.907) for the validation
cohort. The discriminatory ability of the predictive model was assessed using a ROC curve (Figure 4). For the development
cohort, the AUC of the nomogram at 1, 3, and 5 years was 0.830 (95% CI: 0.753-0.907), 0.793 (95% CI: 0.730-0.856), and 0.
808 (95% CI: 0.753-0.862), respectively (Figure 4A). For the validation cohort, the AUC at 1, 3, and 5 years was 0.903 (95%
CI: 0.817-0.989), 0. 800 (95% CI: 0. 701-0.900), and 0.749 (95% CI: 0. 643-0. 0.853), respectively (Figure 4B). These results
indicate that the model possesses strong discriminatory ability and consistent predictive performance across multiple time
points. Notably, the close concordance between the C-index and AUC values in the development and validation cohorts
suggests that the model demonstrates excellent internal validity and stable predictive performance within this cohort.

Calibration of the MASLD Nomogram

Calibration plots revealed strong agreement between the predicted and observed MASLD risk for 1-, 3-, and 5-year
outcomes in PLWH (Figure 5). The x-axis represents the predictions derived from the nomogram, while the y-axis
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Figure 2 The LASSO regression analysis was conducted to identify key predictive factors.
Notes: (A) Eight variables with non-zero coefficients were selected according to the optimal lambda value. (B) The 5-fold cross-validation curve is shown, with vertical
dotted lines indicating the one standard error criterion (right) and the minimum lambda value (left).

represents the actual occurrence of MASLD. The 45-degree line serves as the reference for an ideal nomogram,
demonstrating that the predicted outcomes closely align with the actual outcomes. Both models exhibited favorable
calibration curves for risk estimation.

Clinical Use of the MASLD Nomogram

DCA is an innovative method for evaluating diagnostic tests and prediction models, effectively integrating accurate
measurements such as sensitivity and specificity with decision analysis techniques. This method assesses the net benefit
of prediction models without altering their intended meaning. The relative threshold probability represents the point at
which the anticipated benefits of treatment equal the expected benefits of withholding treatment.”* As shown in
Figure 6A, the threshold probabilities in the development cohort ranged from 0% to 75% at the 1-, 3-, and 5-year follow-
up periods. Within this range, the nomogram consistently yielded a greater net benefit than the “treat-all” and “treat-
none” strategies, highlighting its superior clinical utility for decision-making. Higher threshold probabilities reflected the
model’s ability to accurately identify individuals at increased risk of MASLD while reducing unnecessary interventions
in low-risk populations. In the validation cohort (Figure 6B), the nomogram similarly demonstrated a favorable net
benefit across clinically relevant threshold probabilities (0-36% for 1-year prediction, 0—43% for 3-year prediction, and
0-45% for 5-year prediction). These findings suggest that the model’s clinical utility was maintained in the validation
cohort, supporting its robustness and potential generalizability.

Competing Risk Sensitivity Analysis

During follow-up, 7 participants (0.97%) died before developing MASLD and were treated as competing events. The CIF
of MASLD was further evaluated using a Fine—Gray competing risk model (Figure 7). All deaths occurred in individuals
without MASLD, resulting in a low cumulative incidence of death throughout follow-up. Consequently, the competing
risk of death had minimal impact on the estimated risk of MASLD.

In the competing risk analysis, associations between the selected predictors and MASLD risk remained largely
consistent with those observed in the primary multivariable Cox regression model (Figure 8). ALT, serum amylase, UA,
HDL-C, ART regimen, and CD4 T lymphocyte count remained statistically significant, whereas TG and CD8
T lymphocyte count did not. Overall, these findings indicate that accounting for death as a competing event did not
materially alter the main results, supporting the robustness of the identified risk factors.
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Figure 3 Nomogram for predicting the risk of MASLD.

Notes: Risk scores are assigned based on the reference scale at the top, with higher scores to the right. Individual scores are summed to generate a total score, which is
then located on the total score scale. The total score is translated into estimated |-, 3-, and 5-year incidence rates. Example of nomogram application: A patient with ALT 19
U/L, serum amylase 105 U/L, UA 466.1 pmol/L, TG 2.96 mmol/L, HDL-C 1.16 mmol/L, receiving an INSTI-based regimen, a CD4 T lymphocyte count of 323 cells/uL, and
a CD8 T lymphocyte count of 2085 cells/uL has an estimated |-, 3-, and 5-year MASLD risk of approximately 3%, |1%, and 19%, respectively.

Discussion

This study is a retrospective cohort investigation. The incidence of MASLD in PLWH is mediated by multifactorial
etiologies. Predictive models for non-HIV populations generally rely on traditional metabolic indicators, such as blood
lipids, blood pressure, and glucose levels; however, these parameters may not fully reflect the factors contributing to
MASLD in PLWH. In addition to the conventional variables previously studied, we incorporated the transmission
category, ART regimen, HIV viral load, CD4 T and CD8 T lymphocyte counts into LASSO regression analysis,
ultimately developing a MASLD prediction model specifically tailored for PLWH. The final model included the ART
regimen, ALT, serum amylase, UA, TG, HDL-C, and CD4 and CD8 T lymphocyte counts. In addition, this relationship

remained statistically significant after using the competing risk analysis. By incorporating HIV-specific parameters, our
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predictive model provides a more personalized and accurate risk assessment, thereby enhancing the early identification of
high-risk individuals.

Several traditional predictors, such as ALT, UA, TG, and HDL-C, have been extensively discussed in relation to
hepatic steatosis. Elevated ALT,'>'"*? a marker of hepatocellular injury, is commonly observed in MASLD and reflects

liver damage caused by fat accumulation and inflammation, often serving as an early indicator of progression to non-
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alcoholic steatohepatitis.”> UA has emerged as a potential contributor to MASLD, given its role in oxidative stress,

inflammation, and apoptosis pathways,24 which exacerbate hepatic metabolic dysfunction.ls’m’22 Dyslipidemia, char-
acterized by elevated levels of TG, or reduced levels of HDL-C, is a hallmark feature of MASLD.'* '®!2 Dyslipidemia
reflects abnormal cholesterol transport, leading to lipid accumulation within liver cells. Collectively, these predictors

provide critical insights into the metabolic and hepatic abnormalities underlying MASLD, underscoring their significance
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Variables Cox HR (95%Cl) Cox P-Value Fine-Gray HR (95%Cl) Fine-Gray P-Value
ALT 1.008 (1.004-1.013) <0.001 1.008 (1.004-1.012) <0.001

| |

Serum amylase { 0.982 (0.972-0.993) <0.001 | 0.982 (0.969-0.995) 0.007
UA i 1.005 (1.002-1.007) <0.001 i 1.005 (1.002-1.007)  <0.001
TG — 1.066 (0.960-1.182) 0.231 — 1.066 (0.947-1.199)  0.290
HDL-C A E 0.236 (0.092-0.601) 0.002 A— E 0.239 (0.082-0.697) 0.009
ART regimen ! !

NNRTI-based I Reference I Reference

Pls-based "—:—* 0.185 (0.022-1.530) 0.117 A— : 0.184 (0.070-0.485) 0.001

INSTI-based : ——> 1.892 (1.191-3.004) 0.007 : ——> 1.905 (1.170-3.102) 0.010
CD4 T lymphocyte count | 1.002 (1.001-1.003) <0.001 | 1.002 (1.001-1.003) 0.001
CD8 T lymphocyte count | 1.000 (1.000-1.001) 0.800 | 1.000 (0.999-1.001) 0.814

0 1 2 0 1 2
Protective factors Risk factors Protective factors Risk factors

Figure 8 Forest plots from multivariable competing risk and Cox regression analyses of MASLD risk.

in risk stratification and early diagnosis, as highlighted in prior studies. In contrast, serum amylase has received less
attention as a predictor in the context of MASLD, though emerging evidence underscores its potential significance.
Previous research has shown that low serum amylase levels are associated with conditions such as metabolic syndrome,*
obesity,?® and diabetes mellitus,”” which are all key risk factors for MASLD. Notably, in non-HIV-infected individuals,
serum amylase levels in NAFLD patients were significantly lower than those in healthy controls.”® The underlying
mechanisms of this association may involve interactions between the endocrine and exocrine functions of the pancreas,
wherein diminished insulinotropic effects and increased glucagon activity suppress pancreatic enzyme secretion.””*

In this study, baseline CD4 and CD8 T lymphocyte counts—two HIV-specific immunological parameters—were
identified as independent predictors of MASLD in PLWH. This finding is consistent with previous studies reporting that
elevated CD4 and CD8 T lymphocyte counts are associated with hepatic steatosis and metabolic abnormalities in this
population.>*'*? CD4 and CD8 T cells play critical immunomodulatory roles by regulating the differentiation of Thl,
Th2, and Th17 cells and secreting a variety of cytokines.*>> Elevated baseline levels of these lymphocyte subsets may
reflect persistent immune activation caused by chronic HIV infection, which could promote hepatic lipid accumulation
through cytokine-mediated inflammation and dysregulated lipid metabolism.*® These findings suggest that baseline CD4
and CD8 T lymphocyte counts may serve as immunometabolic biomarkers reflecting the complex interplay between
immune dysregulation and hepatic steatosis in PLWH. In our study, the INSTIs based regimen was also identified as an
important predictor of MASLD. INSTIs have become a cornerstone of ART. INSTIs, such as dolutegravir and
bictegravir, are associated with significant weight gain in PLWH.?”*® This weight gain is particularly concerning as it
often manifests as visceral fat, a metabolically active tissue strongly associated with the development of MASLD.*® The
impact of INSTIs on MASLD remains somewhat controversial. Two studies suggest that INSTIs increase the risk of
MASLD,***! while three studies do not support these findings.**** The discrepancies among these studies may be
attributed to several factors. Firstly, the region and ethnicity were different. Shengir et al** conducted their study in North
America, whereas the other studies were performed in various European countries. Secondly, the types of INSTIs are
different. Shengir et al** included only raltegravir, excluding other drugs such as dolutegravir, which limits the general-
izability of their findings to all INSTI regimens. Thirdly, liver steatosis was defined differently. Navarro et al** and
Fernandes et al** used the Hepatic Steatosis Index (HSI) to assess steatosis. Although HSI is a non-invasive tool based on
serum markers and clinical parameters, it relies on indirect factors and cannot directly measure liver fat accumulation.*
The mechanisms by which INSTIs contribute to MASLD are multifactorial, involving mitochondrial dysfunction,
oxidative stress, adipokine imbalance, and weight gain, all of which collectively disrupt hepatic and systemic metabolic
homeostasis.*® Given the central role of ART in HIV management, careful selection of ART regimens is crucial,
especially for individuals with underlying MASLD risk factors.

In the context of the growing burden of steatosis among PLWH, several studies have examined risk factors and
diagnostic approaches for fatty liver disease in this population. Bischoff et al*' conducted a prospective study and
identified BMI, tenofovir alafenamide, INSTIs, and type 2 diabetes mellitus as independent predictors of NAFLD in
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PLWH, with hepatic steatosis assessed using the controlled attenuation parameter (CAP). Although this work provided
important prospective evidence linking ART exposure and metabolic factors to steatosis development, it was limited by
a relatively small sample size and did not establish a multivariable longitudinal prediction model for individualized risk
estimation. In addition, Xu et al*’ evaluated ten general population-based diagnostic models, including the fatty liver
index (FLI) and HSI, for predicting metabolic dysfunction—associated fatty liver disease (MAFLD) in PLWH. While
these indices demonstrated moderate diagnostic accuracy overall, their performance was suboptimal in overweight
PLWH, underscoring the limitations of applying general-population tools to this distinct clinical subgroup. Conversely,
Hu et al*® investigated inflammatory and metabolic parameters in PLWH and reported that the lymphocyte-to—high-
density lipoprotein ratio, which reflects both immune and metabolic characteristics, had superior predictive value
compared with conventional indices. However, these studies primarily focused on individual predictors or diagnostic
performance, rather than developing an integrated, individualized prediction tool tailored to PLWH. In comparison with
previous investigations, our study has several distinctive strengths. First, to our knowledge, this is the first study to
develop a nomogram for predicting MASLD risk specifically in PLWH. Nomograms provide a simple, visual tool for
individualized risk estimation. Building on this, our model captures key immunometabolic mechanisms underlying
MASLD in PLWH and enables clinicians to estimate individualized risk using readily available parameters by incorpor-
ating HIV-specific variables. Second, we used the updated MASLD definition rather than traditional NAFLD or MAFLD
criteria, aligning our predictive framework with contemporary consensus that emphasizes the central role of metabolic
dysfunction in steatotic liver disease. This alignment enhances the clinical relevance of our findings under current
diagnostic standards. Third, hepatic steatosis was assessed by ultrasound, which is generally more reliable than indirect
biochemical indices such as HSI. Although liver biopsy remains the diagnostic gold standard, its invasiveness and limited
feasibility preclude routine use in large-scale cohort studies. Other noninvasive imaging modalities, including CAP*® and
magnetic resonance imaging—proton density fat fraction (MRI-PDFF),”® have shown promise for MASLD assessment;
however, limited availability and higher cost may constrain their routine use. Furthermore, although surrogate biochem-

ical indices such as FLI, FIB-4, and BARD are widely used in epidemiological studies,’'>

their sensitivity and
specificity may be lower than those of imaging-based approaches. Finally, the retrospective cohort design enabled
longitudinal assessment of incident MASLD and temporal evaluation of baseline predictors in relation to subsequent
outcomes, strengthening causal inference compared with cross-sectional analyses. Although the overall sample size was
relatively large, the number of MASLD events was modest, resulting in a low events-per-parameter ratio of approxi-
mately 8 in the development cohort. This value is below commonly recommended thresholds for prediction modeling and
may compromise coefficient stability and increase the risk of overfitting. To mitigate this concern, we used LASSO
regression for variable selection and coefficient shrinkage and performed internal validation in an independent validation
cohort. Nevertheless, the limited number of events may still compromise model stability despite these measures. Notably,
the 1-year AUC was higher in the validation cohort (0.903) than in the development cohort (0.830). This apparent
difference is likely attributable to the small number of outcome events in the validation cohort (n = 28), which can yield
unstable estimates with wide confidence intervals. Taken together, these findings suggest that the observed predictive
performance—particularly the short-term AUC in the validation cohort—should be interpreted cautiously.

Our study has several limitations. First, this single-center study conducted in China may limit generalizability to other
geographic regions and ethnic populations; therefore, external validation in independent multicenter cohorts is warranted.
Second, hepatic steatosis was diagnosed by ultrasound rather than liver biopsy or quantitative imaging modalities such as
CAP or MRI-PDFF, which may limit diagnostic precision, particularly for mild steatosis. Third, although multiple
metabolic and immunological variables were incorporated, residual confounding cannot be excluded. Unmeasured
lifestyle factors, genetic susceptibility, and treatment modifications—including antiretroviral regimen switching during
follow-up, which was excluded to isolate stable ART effects—may influence MASLD risk and were not fully captured.
External validation in larger, independent, and multicenter cohorts is warranted to further confirm the robustness and
generalizability of the proposed model, and more comprehensive assessments across diverse populations may help refine
and extend its clinical applicability.
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Conclusion

This study developed an effective clinical nomogram specifically for PLWH. The model is based on eight clinically
accessible and objective variables, including HIV-specific parameters, and can be used for early screening of MASLD in
PLWH. By leveraging routinely available baseline clinical and laboratory parameters, the nomogram enables early risk
stratification at the baseline assessment. These efforts will facilitate the early detection and effective management of fatty
liver disease, ultimately improving overall health outcomes for PLWH.
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