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ABSTRACT 

Background: Metabolic dysfunction-associated steatotic liver disease (MASLD) varies in response to dietary 

monounsaturated fatty acids (MUFA). We conducted a secondary analysis of the Habitual Diet vs Avocado Trial 

(HAT; NCT03528031; registered 17 May 2018; n=790) to test whether machine learning using routinely collected 

clinical variables can identify MUFA-responsive phenotypes. Avocado versus habitual diet did not significantly 

change hepatic-fat fraction (ΔHFF +0.48 percentage points, 95% CI −0.24 to 1.22; p=0.20) or visceral adipose 

tissue volume after FDR correction. Prespecified interaction tests showed sex- and glycemic-status-specific 

responses (FDR-q ≤ 0.05). MASLD classification reached AUROC 0.83 ± 0.03 (XGBoost) but its expected 
calibration error (ECE = 0.089) exceeded the prespecified ≤0.05 target, indicating that probability outputs require 

post-hoc Platt or isotonic recalibration before any thresholded clinical use. Two related HFF prediction tasks were 

evaluated: (i) the primary trial-cohort endpoint of prespecified ≥5 percentage-point absolute hepatic fat change 

versus no such change (either direction; n=790; 261 positive), for which discrimination was 0.67 ± 0.03 with 

baseline biomarkers and rose to ~0.75 ± 0.03 when baseline MASLD status was carried forward as an input 

feature; and (ii) a translation-focused reduction-only endpoint (≥5 pp absolute decrease; listwise complete 

predictors, n=790; 74 positives), summarized in Figure 7, for which XGBoost achieved held-out AUROC=0.792. 

Gains under (i) reflect sequential staging plus baseline-outcome correlation; confusion matrices must use 

endpoint-specific true-class row totals. Reporting follows TRIPOD+AI. Internally validated; external validation 

is required before clinical decision-support deployment. 
Keywords: artificial intelligence, and machine-learning (AI/ML), metabolic dysfunction-associated steatotic liver disease 

(MASLD), hepatic fat fraction, Insulin resistance, visceral adiposity. 

 

Introduction 

Artificial intelligence (AI) and machine learning (ML) approaches are increasingly used in biomedical research to 

model complex, high-dimensional clinical data that are not adequately captured by conventional statistical methods [1,2]. 

In conditions characterized by metabolic heterogeneity and interacting cardiometabolic risk factors, ML methods can 

complement traditional regression analyses by identifying nonlinear relationships, higher-order interactions, and clinically 

relevant subgroups. These methodologies are particularly valuable in clinical trials and nutritional interventions, where 

metabolic responses to diet have been demonstrated in precision-nutrition studies, supporting the rationale for predictive 

approaches to dietary intervention [7]. 

Metabolic dysfunction-associated steatotic liver disease (MASLD) affects nearly one-third of adults worldwide and 

is now defined under the 2023 multisociety steatotic liver disease nomenclature [3,4]. It is rapidly emerging as a leading 

driver of cardiometabolic morbidity and mortality. MASLD is closely linked to cardiometabolic morbidity and 

cardiovascular disease risk, and contemporary guidelines continue to emphasize lifestyle intervention as a foundation of 

management [5,6]. However, responses to dietary interventions vary considerably across individuals, reflecting differences 

in insulin resistance, adiposity distribution, metabolic phenotype, and diabetic status. As a result, population-level dietary 

recommendations often fail to capture clinically meaningful heterogeneity in treatment response. 

Monounsaturated fatty acids (MUFA), including those provided by avocados, have been associated with favorable 

cardiometabolic profiles in observational and interventional studies [8]. The Habitual Diet and Avocado Trial (HAT) 

provides a well-characterized randomized cohort for evaluating whether neutral average effects of avocado supplementation 

on visceral adiposity and hepatic fat may conceal clinically meaningful response heterogeneity [9,10]. In the parent HAT 

trial, one avocado per day for 26 weeks did not significantly reduce visceral adipose tissue volume compared with habitual 

diet, and no significant group differences were observed for hepatic fat fraction, hsCRP, or metabolic-syndrome components 

[10]. Modest nominal reductions in total and LDL cholesterol were observed, but the overall intervention effect on adiposity 

and hepatic fat was neutral [10]. Subsequent HAT analyses showed improved HEI-2015 diet quality and changes in gut-



microbiome diversity with avocado supplementation, supporting intervention fidelity and biological dietary exposure 

despite neutral average adiposity effects [11,12]. Therefore, the present secondary analysis focuses on MASLD 

phenotyping, treatment-response heterogeneity, and machine-learning prediction rather than re-estimating the parent trial’s 
primary efficacy analysis. 

Recent advances in computational modeling provide new opportunities to integrate multidimensional clinical, 

metabolic, and anthropometric data (e.g., body mass index, waist circumference) to improve phenotypic classification and 

predict treatment response. ML methods trained on routinely available clinical variables can identify complex patterns that 

may inform individualized risk stratification and therapeutic targeting. For these reasons, these AI methods can complement, 

not replace, traditional statistical models by providing predictive frameworks that identify responders and nonresponders 

within heterogeneous trial populations. 

We re-analyzed the HAT trial (NCT03528031; n=790) to test three prespecified hypotheses: (i) baseline MASLD 

status (HFF >5%) can be discriminated from routinely available clinical variables with AUROC ≥0.80; (ii) the pipeline-

defined hepatic fat decrease endpoint used for the primary responder dashboard (HFF_Responder; percentile-based decrease 

bin) and, separately, the translation endpoint of ≥5 percentage-point absolute reduction in HFF (wk26 − wk0 ≤ −5 pp), can 
each be discriminated above chance using baseline clinical variables; and (iii) prespecified interaction tests will reveal sex- 

and glycemic-status-specific responses to the intervention. Outputs are intended to inform a future deployable decision-

support tool for hepatology, primary-care, and dietitian use. 

 

Methods 

Study design and participants 

The HAT Study (ClinicalTrials.gov ID: NCT03528031) was a multicenter, randomized, controlled trial of adults 

with abdominal obesity conducted across multiple US academic medical centers [9,10]. Eligible participants were ≥25 years, 
with a waist circumference ≥35 inches for women and ≥40 inches for men. Primary exclusion criteria included other chronic 

liver diseases, decompensated cirrhosis, significant cardiovascular instability, pregnancy, and MRI contraindications. 

Participants were randomly allocated a 1:1 ratio to an avocado-supplemented diet or a habitual diet without avocado for 26 

weeks [9,10]. Comprehensive details on inclusion and exclusion criteria, randomization procedures, and study protocols are 

provided in the Supplementary Methods section [9,10]. The Habitual Diet vs Avocado Trial (HAT; ClinicalTrials.gov 

ID:NCT03528031, registered: 17 May 2018) screened 1,008 adults with abdominal obesity, of whom 923 had complete 

baseline magnetic-resonance proton-density fat-fraction (MRI-PDFF) measurements [9,10]. For the present predictive 

analysis, we restricted the cohort to participants with paired baseline (Week 0) and end-of-intervention (Week 26) 

measurements. Of 965 participants with at least one complete clinical visit in the analytic source file, 175 contributed only 

a single visit (early termination, missed Week-26 visit, or sample failure) and were excluded; 790 participants (396 avocado, 

394 habitual; 73.2% female, 26.8% male) had complete paired data and constitute the analytic cohort. We excluded 14 

participants for missing electronic health record (EHR) data, 27 for lipidomic data, 41 for biomarker data, 60 for social 

determinants of health (SDoH) data, and 70 for MRI-PDFF data. Another 162 participants were excluded for missing 

repeated measures. As a result, 790 participants were included in the final analysis. Among the 790 participants, 

approximately 55% had HFF greater than 5% and were classified as having MASLD.  

Glycemic status was classified at baseline using fasting plasma glucose (FPG) measured after an overnight fast, 

applying the American Diabetes Association 2024 criteria [13]: normoglycemic (FPG <100 mg/dL), prediabetes (FPG 100-

125 mg/dL), and diabetes (FPG ≥126 mg/dL). Participants on glucose-lowering medication at screening were classified as 

having diabetes regardless of measured FPG. The resulting distribution in the 790-participant analytic cohort was 374 

normoglycemic (47.3%), 332 prediabetes (42.0%), and 84 diabetes (10.6%); these classes were balanced across intervention 

arms (χ² p = 0.557; all standardized mean differences |SMD| ≤ 0.08). 
For the purposes of this predictive analysis, we operationalize MASLD as MRI-PDFF-quantified hepatic fat fraction 

greater than 5%, the imaging criterion of the 2023 multi-society MASLD nomenclature [3] consistent with contemporary 

MASLD nomenclature and clinical practice guidance [3,6]. The cardiometabolic-risk-factor component of that definition 

(≥1 of: BMI ≥25 kg/m², elevated waist circumference, fasting glucose ≥100 mg/dL, blood pressure ≥130/85 mmHg, plasma 
triglycerides ≥150 mg/dL, or HDL <40/<50 mg/dL) was not separately enforced because all participants in the parent trial 

were enrolled with abdominal obesity, which alone satisfies the cardiometabolic-risk-factor criterion. 

Targeted metabolomics, targeted lipidomic, and erythrocyte (red-blood-cell) membrane fatty acids were assayed at 

baseline (Week 0) and end of intervention (Week 26) for the majority of analytic-cohort participants; the corresponding 

paired-sample size for each platform is reported in the relevant Results subsection. Untargeted metabolomics and untargeted 

lipidomic were available on a smaller subset and contribute only to the exploratory `with untargeted` predictive-analysis 

branch. 

We further filtered 166 variables for initial feature selection and excluded 29 variables with >50% missing data. 

Consequently, we retained 137 variables in the final training set (Figure 1). Analyses of 26-week changes used pre-post 



difference scores calculated within each participant, with between-group comparisons performed on these difference scores 

using bootstrapped independent-samples tests. This analysis was conducted and reported in accordance with the Transparent 

Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis (TRIPOD+AI) guidelines for clinical 

prediction models using machine learning methods [14]. A completed TRIPOD+AI checklist is provided as Supplementary 

Table S5. For retained variables, missing data were handled via median/mode imputation fitted on the training folds. As a 

limitation, we did not perform multiple imputation or formal sensitivity analyses comparing imputation strategies. 

 

Data Integration 

To evaluate the specific contribution of baseline hepatic steatosis status, we conducted a sequential feature 

branching analysis comparing models with and without binary MASLD status (HFF>5% yes) and continuous HFF. 

Furthermore, we assessed the value of high-dimensional metabolic profiling by comparing models using the targeted 

clinical/lipidomic feature set against models that additionally incorporated untargeted lipidomic variables. Platform-

specific sample sizes and baseline missingness are reported in Supplementary Table S4. 

 

Imaging and Subgroup Analyses 

Hepatic fat fraction (HFF) and visceral adipose tissue volume (VAT) were quantified at baseline and at week 26 

utilizing standardized MRI-PDFF. HFF was calculated as the mean PDFF across multiple regions of interest within the right 

hepatic lobe. VAT was determined through semi-automated segmentation of visceral fat at the L4-L5 vertebral level, with 

quality control conducted by expert readers who were blinded to the participants' randomization arm [9,10]. 

The primary imaging outcomes for this analysis were changes in HFF and VAT from baseline to week 26. We 

focused on pre-specified subgroups defined by sex (female, male) and glycemic status (without diabetes, pre-diabetic, 

diabetic). Treatment effects within each subgroup were summarized as mean differences with 95% confidence intervals (CI) 

and visualized in forest plots. Overall avocado-versus-habitual-diet effects on visceral adiposity, hepatic fat fraction, hsCRP, 

Figure 1. Study Flow and Cohort Selection. CONSORT diagram depicting screening, eligibility assessment, exclusions, and final analytic sample for the Habitual 

Diet and Avocado Trial (HAT). Of 1,008 initially screened participants (1,936 samples), exclusions were sequentially applied for missing electronic health record 

(EHR) variables (n=14), lipidomic data (n=27), biomarker data (n=41), social determinants of health (SDoH) variables (n=60), and MRI-proton density fat fraction 

(MRI-PDFF) data (n=70). An additional 162 participants without repeat 26-week measurements were excluded from longitudinal analyses. The final analytic cohort 

comprised 790 randomized participants with complete baseline and follow-up data included in the primary outcomes analysis. 



and cardiometabolic risk factors have been reported previously from the parent HAT trial. The present secondary analysis 

therefore focused on MASLD-stratified heterogeneity, hepatic-fat response phenotyping, and machine-learning prediction 

rather than re-estimating the primary efficacy analysis of avocado supplementation. 

Correlation and Regression Analyses 

For baseline-change and dietary-clinical associations examined within prespecified subgroups, we estimated 

Pearson and Spearman correlations separately within each subgroup stratum. We used paired bootstrap resampling to 

construct confidence intervals for the correlation coefficient (pivotal intervals by default; percentile bootstrap if selected) 

and permutation-based two-sided p-values. Covariate-adjusted partial Pearson correlations-both variables residualized on 

age, BMI, sex, and study-site indicators, were summarized with approximate Fisher-z confidence intervals and are reported 

in parallel with simple correlations. Exploratory scatterplots displayed an ordinary least squares fit and, in strata with 

sufficient sample size (n ≥ 20), linear quantile regression lines at the 25th, 50th, and 75th percentiles [16]; OLS, Huber, and 

quantile slopes were also tabulated for descriptive comparison [16,17]. Separately, treatment-by-subgroup interaction 

models were fit by multivariable linear regression; heteroscedasticity-consistent sandwich standard errors (HC3) were 

applied to those regression coefficients when the Breusch-Pagan test indicated heteroscedasticity (p < 0.05) [18,19]. 

Correlation results are reported as r or ρ (95% CI), two-sided p, and n within each subgroup. 

Multiplicity correction was applied within the prespecified subgroup-interaction family using Benjamini-Hochberg 

FDR over four tests (sex×treatment for ΔHFF and ΔVAT; glycemic-status×treatment for ΔHFF and ΔVAT) [20]. The 

adjusted-treatment-effect FDR family covers the 12 prespecified clinical outcomes. All other tests (correlation grids, 

decision-curve thresholds, fatty-acid-by-arm tests, threshold sweeps) are exploratory and reported uncorrected; we treat 

associations from these analyses as hypothesis-generating, with confirmatory inference deferred to external-validation 

cohorts. 

Predictive modeling: feature sets and outcomes 

To perform the subgroup analyses, we developed AI-enabled predictive models utilizing two related outcome sets. 

Initially, within a broader EHR-derived cohort that includes individuals with and without MASLD, we modeled baseline 

MASLD status (present versus absent). Subsequently, within the trial cohort, we modeled (A) the primary binary endpoint 

HFF_Responder carried in the prepared machine-learning matrix (MRI-PDFF decrease below the pipeline’s data-driven 

lower bound for balanced change categorization; n = 790 with 261 positives, 33.0%), and (B) a secondary translation 

endpoint of ≥5 percentage-point reduction only (wk26 - wk0 ≤ -5 pp) among participants with listwise complete predictors 

(n = 790; 74 positives, 9.4%). Because MRI-PDFF is a validated quantitative marker of hepatic steatosis and change in 

MRI-PDFF has been linked with histologic response in NASH, we evaluated a pragmatic secondary translation endpoint of 

≥5 percentage-point absolute HFF reduction [21-25]. We also acknowledge that guidelines and meta-analyses more 

commonly emphasize ≥30% relative MRI-PDFF decline as a histologic response threshold [6,25]. The primary ML 

dashboard therefore reflects the pipeline’s percentile-anchored decrease label, whereas reduction-only figures use the fixed 

≥5 pp clinical anchor. To evaluate a sequential diagnostic-to-therapeutic pipeline, we assessed whether incorporating 

baseline MASLD status or continuous baseline HFF improved performance for each endpoint.  

Candidate predictors included participants’ demographics, anthropometrics, clinical laboratory values, lipidomic 
measures, and selected social determinants of health (SDoH). These included age, sex, BMI, weight, waist circumference, 

blood pressure, fasting glucose and insulin levels, insulin resistance (HOMA-IR), standard lipid profiles (LDL, HDL, 

triglycerides, VLDL cholesterol), high-sensitivity C-reactive protein (hs-CRP), and RBC  fatty acids as palmitoleic acid 

(MFA16:1n-7) and trans-palmitoleic acid (TFA16:1n-7T). SDoH included education, living status, and food access 

indicators, where such data were available [26] (Table 1). While no formal sample-size calculation was performed a priori 

for this secondary machine learning analysis, event-per-variable heuristics depend on the endpoint: the primary 

HFF_Responder model (n = 790; 261 positive events across ~29 predictors) yields ~9 events per variable, below the 

common ≥10 events-per-variable heuristic [27] but with a substantially enriched positive class versus the reduction anchor. 

The reduction-only endpoint (74 positives in n = 790) is far sparser and should be interpreted as hypothesis-generating with 

respect to EPV. Separately, the MASLD classifier uses n=790 (binary model predicting baseline HFF >5% from ten 

bootstrap-selected baseline features; n=100 resamples, ≥60% selection frequency; see Methods). To maintain clarity, the 
primary figures present these subgroup effects and predictive modeling results, with computational methods using 

bootstrapping. A comprehensive codebook defining all continuous and categorical predictors used in the final models, 

alongside their baseline missingness proportions, is detailed in Supplementary Table S4. 

 

Model development and explainability 

To mitigate overfitting and identify stable predictors, we employed a bootstrap-based variable selection method 

[28]. From 100 bootstrap resamples of the training dataset, random forest models were fitted, feature importances were 

calculated, predictors were ranked, and the rankings were aggregated to determine a core set of approximately ten features 



that were both informative and stable across resamples. Highly collinear predictors were excluded based on pairwise 

correlation analysis. 

Using this reduced feature set, we trained three principal algorithms: L2-regularized logistic regression, random 

forest [29], and XGBoost [30]. Hyperparameters were tuned with stratified cross-validation, and models were evaluated 

with bootstrap validation on held-out data. For each algorithm and outcome, we estimated the area under the receiver 

operating characteristic curve (AUROC) and computed accuracy, precision, recall, F1-score, and specificity after 

dichotomizing predicted probabilities using the Youden-optimal threshold [32]. The manuscript primarily focuses on 

bootstrapped AUROC, calibration, and threshold-dependent held-out performance metrics. 

Internal validation strategy 
Models were developed on a stratified 70/30 train/test partition (single random seed = 42; class-stratified). Within 

the training fold we performed three nested operations: (i) bootstrap variable selection - 100 bootstrap resamples of the 

training set, random-forest median-importance ranking, top-10 features carried forward, with collinearity pruning; (ii) 

hyperparameter tuning by RandomizedSearchCV - 5-fold StratifiedKFold for the MASLD-classification pipeline (48 search 

iterations) and 5-fold × 2-repeat RepeatedStratifiedKFold for the change/responder pipelines (50 search iterations), 

scoring=ROC-AUC; (iii) final-fit on the full training fold using the selected hyperparameters. Performance on the held-out 

30% test set was summarized by 100-iteration stratified-bootstrap resampling of the test set (yielding mean AUROC ± SD 

and 95% CI) together with point estimates from a fixed seed. Because the train/test partition itself was a single random split, 

we additionally performed a resample-then-split sensitivity analysis using the dual_bootstrap_comparison.py workflow; the 

corresponding AUROC distributions and source data are archived with the public analysis code repository. This design 

constitutes an internal-validation estimate with k-fold-tuned hyperparameters and bootstrap-quantified test-set sampling 

variance; external validation in an independent MASLD cohort remains required before clinical-decision-support 

deployment. 
 

Calibration 

Calibration was assessed using the expected calibration error (ECE: 10 equal-width probability bins) and the Brier 

score [33,34]. Calibration plots and numerical ECE and Brier score values for all ML models are provided in Supplementary 

Figure S9 and Supplementary Table S3. The pre-specified ECE threshold for acceptable calibration of the primary MASLD 

classification model was ECE < 0.05. To enhance interpretability, we utilized Shapley Additive exPlanations (SHAP) to 

assess each predictor's marginal contribution to individual-level model predictions [35]. We aggregated SHAP values across 

bootstrap iterations to identify predictors that consistently increased or decreased the predicted probability of MASLD or 

HFF response. A multi-panel figure delineates variable importance and SHAP-derived effects for the most clinically 

pertinent predictors. Hyperparameters for all classification models were selected via randomized search 

(RandomizedSearchCV, scikit-learn [31]) over pre-specified parameter distributions with 48 to 50 search iterations (48 for 

the MASLD classification pipeline and 50 for the longitudinal-change pipeline) and 5-fold stratified cross-validation. 

Detailed specifications of the machine learning algorithms, including hyperparameter search spaces, regularization methods 

to handle class imbalance, and cross-validation strategies, are provided in Supplementary Table S3. Class imbalance was 

addressed through balanced sample weights (sklearn compute_sample_weight=‘balanced’); no synthetic over-sampling was 

applied to the primary outcomes. Model performance was evaluated on a single stratified held-out test set (30% of the 

analytic sample, allocated prior to any model training) and summarized across 100 bootstrap replicates resampling the test 

set with replacement, yielding mean AUROC ± SD and 95% confidence intervals. This design constitutes a held-out test 

set with inner stratified cross-validation for hyperparameter tuning; it is not a fully nested cross-validation scheme, and 

reported performance should be interpreted as an internal validation estimate from a single partition. Calibration was 

assessed using expected calibration error (ECE; 10 equal-width probability bins); we pre-specified that the primary MASLD 

classification model should achieve ECE < 0.05 (numerical results reported in Results and Supplementary Table S3). All 

predictive modeling and statistical analyses were performed in Python version 3.11 using scikit-learn (v1.3), xgboost (v2.0), 

and shap (v0.42) within a standardized computing environment. This prediction-model analysis was secondary to the parent 

trial; the prespecified statistical analysis plan and the completed TRIPOD+AI checklist are provided as Supplementary 

Table S5. 

 

Results 
Study population 

Data from 790 participants from the Habitual Diet versus Avocado Trial (HAT) were used in this analysis, including 

396 assigned to avocado supplementation and 394 assigned to the habitual diet control group. Participant enrollment and 

randomization occurred between June 27, 2018, and March 4, 2020, with final 6-month follow-up imaging and clinical 

assessments completed by October 2020. The study cohort included approximately 73.2% of female, and 26.8% male. At 



baseline, more than half of (55%) participants met criteria for metabolic dysfunction-associated steatotic liver disease 

(MASLD), defined as hepatic fat fraction (HFF) ≥5%. Baseline HFF varied widely across the 790-participant analytic 

cohort, ranging from 0.07% to 54.11%, with a mean of 10.45% and median of 6.28%, indicating broad variation in hepatic 

steatosis burden. Subgroup-specific baseline MASLD prevalence is shown in Supplementary Figure S1, and baseline HFF, 

VAT, and hsCRP distributions stratified by sex and glycemic status are shown in Supplementary Figure S2. 

Baseline demographic, metabolic, and anthropometric characteristics were assessed across the cohort, comparing 

patients with and without baseline MASLD (Table 1). Continuous variables are reported as medians with 95% bootstrap 

confidence intervals, and categorical variables as counts and percentages. Between-group comparisons were performed 

using the Wilcoxon rank-sum test for continuous variables and χ² or Fisher’s exact tests for categorical variables, as 

appropriate. 

 

 

 

Primary outcomes 
The parent HAT trial previously reported the overall avocado-versus-habitual-diet effects on MRI-derived visceral 

adiposity and secondary cardiometabolic outcomes [10]. In that primary trial analysis, one avocado per day for 26 weeks 

did not significantly reduce visceral adipose tissue volume compared with habitual diet, and no significant group differences 

were observed for hepatic fat fraction, hsCRP, or metabolic-syndrome components [10]. Modest nominal reductions in total 

and LDL cholesterol were observed, but the overall intervention effect on adiposity and hepatic fat was neutral [10]. 

Table 1. Bivariate Analysis of Baseline Characteristics by MASLD Status. Comparison of demographic, metabolic, anthropometric, and clinical characteristics 

at baseline between participants with MASLD (HFF ≥5%; n=438) and without MASLD (HFF <5%; n=352). Continuous variables reported as medians (95% 

bootstrap CI); categorical variables as counts and percentages. P-values from Wilcoxon rank-sum test (continuous) or χ²/Fisher’s exact test (categorical). FDR-

adjusted p-values (Benjamini-Hochberg) provided. Boldface indicates p<0.05. 



Therefore, the present analysis does not reinterpret the parent trial as a primary efficacy study; instead, it asks whether 

baseline MASLD status, cardiometabolic phenotype, and machine-learning models can identify response heterogeneity that 

was not apparent from the average treatment effect. 

To complement the previously reported parent-trial efficacy analysis, we retained Table 2 as a descriptive 

longitudinal phenotype analysis stratified by baseline MASLD status. This analysis compares 26-week within-participant 

changes in clinical and biomarker variables between participants with and without baseline MASLD, pooled across 

intervention arms, and is not intended to estimate the causal effect of avocado supplementation. Intervention assignment 

was balanced between baseline MASLD and non-MASLD groups, supporting interpretation of Table 2 as a MASLD-status-

stratified trajectory analysis rather than an arm-comparison analysis. Most anthropometric, blood-pressure, glycemic, 

inflammatory, and insulin-resistance changes did not differ significantly by baseline MASLD status after FDR correction. 

The clearest between-group difference was observed for total cholesterol change, which decreased more among participants 

with baseline MASLD than among controls. Triglyceride and VLDL changes showed directionally greater reductions in the 

MASLD group but did not meet the FDR-adjusted significance threshold. These findings support the interpretation that 

baseline MASLD status captured a metabolically distinct subgroup with modestly different lipid trajectories over follow-

up, while the parent HAT trial remains the appropriate source for the overall avocado-versus-habitual-diet efficacy results 

[10]. 

 

Heterogeneity of treatment response 
Despite the overall neutral treatment effects, prespecified interaction analyses revealed significant differences in 

response among key subgroups. After adjusting for multiple comparisons using the Benjamini-Hochberg false discovery 

rate method, a significant treatment-by-sex interaction was identified for VAT (p interaction=0.02; FDR-adjusted p=0.04). 

Among female participants, avocado supplementation was associated with a greater reduction in visceral adiposity than in 

the control group (mean difference 0.052 L; 95% CI 0.010 to 0.096; p=0.013), whereas no significant effect was observed 

in male participants (Figures 2D and 2E). 

Glycemic status also influenced treatment response. Significant interactions between treatment and glycemic status 

were observed for both VAT (p interaction=0.03; FDR-adjusted p=0.045) and HFF (p interaction=0.04; FDR-adjusted 

p=0.048). Participants without diabetes showed reductions in visceral adiposity (mean difference 0.072 L; 95% CI 0.013 to 

Table 2. Bivariate Analysis of 26-Week Changes by Baseline MASLD Status. Comparison of 26-week changes in clinical variables between participants with 

and without MASLD at baseline, pooled across intervention arms. Continuous variables reported as medians (95% bootstrap CI). Boldface indicates p<0.05.  



0.134; p=0.017), whereas individuals with prediabetes had a paradoxical increase in hepatic fat (mean difference 1.29%; 

95% CI 0.11 to 2.60; p=0.039). No significant effects were detected among participants with established diabetes (Figure 

2F and 2G). 

 

To characterize the baseline metabolic phenotype associated with hepatic steatosis, we examined sex-stratified 

correlations between HFF and cardiometabolic variables. HFF was positively correlated with HOMA-IR in both female and 

male participants, and additional correlations with BMI, waist circumference, triglycerides, VLDL-C, glucose, HDL-C, and 

systolic blood pressure supported the expected insulin-resistance and dyslipidemic phenotype of MASLD. Longitudinally, 

change in HFF was associated with change in estimated cardiovascular-risk score, supporting the hypothesis that hepatic-

fat change tracks with broader cardiometabolic-risk change (Figure 3). 

 

Figure 2. Subgroup-Specific Effects of Avocado Intervention on Visceral and Hepatic Fat. (A) Scatterplot of baseline hepatic fat fraction (HFF) versus visceral 

adipose tissue (VAT) at week 0 with Spearman correlations reported overall and within sex strata. (B) Effect of avocado supplementation on the change in VAT (ΔVAT) 
from baseline to week 26. (C) Effect of avocado supplementation on the change in HFF (ΔHFF) from baseline to week 26. (D) Age- and sex-stratified ΔVAT subgroup 
estimates (female and male, <50 and ≥50 y). (E) Age- and sex-stratified ΔHFF subgroup estimates. (F) Glycemic status-stratified ΔVAT subgroup estimates (without 
diabetes, pre-diabetic, diabetic). (G) Glycemic status-stratified ΔHFF subgroup estimates. Forest-style markers in panels B-G represent group means; horizontal lines 

are bootstrap 95% confidence intervals; printed p-values are for between-group contrasts within each panel (ns = not significant at α = 0.05). Sample sizes per stratum 

are annotated below each panel. 



 

 

Figure 3. Sex-stratified baseline correlations with hepatic fat fraction and longitudinal coupling between hepatic-fat change and cardiovascular risk. (A-B) 

Spearman correlations between HOMA-IR and hepatic fat fraction (HFF) in female and male participants. (C-D) Sex-stratified Spearman correlation heatmaps between 

HFF and cardiometabolic variables, including BMI, waist circumference, weight, HOMA-IR, glucose, triglycerides, VLDL-C, HDL-C, and systolic blood pressure. (E) 

BMI-HFF association by sex. (F) Difference in correlation coefficients between female and male participants. (G) Association between change in HFF from week 0 to 

week 26 and change in cardiovascular-risk score. Correlation coefficients and significance levels are shown within panels. 



We next evaluated whether hepatic and visceral adiposity represented concordant or distinct response domains. 

Baseline HFF and VAT were correlated, but the strength of association differed by sex. Longitudinal ΔHFF-ΔVAT coupling 
also differed by sex and intervention context, suggesting that hepatic and visceral adiposity capture related but non-identical 

metabolic compartments. Associations of ΔHFF and ΔVAT with change in Framingham Risk Score (ΔFRS) further 
suggested subgroup-specific links between anatomical fat change and estimated cardiovascular-risk change (Figure 4) [38]. 

These findings suggest that the absence of an overall treatment effect masks clinically significant response heterogeneity. 

To determine whether heterogeneous responses could be prospectively identified, we developed supervised 

machine-learning classifiers using baseline clinical variables. We first evaluated baseline MASLD classification as the 

diagnostic stage of the prediction pipeline. MASLD classification achieved high discriminatory performance using routinely 

collected baseline variables, and model interpretation identified insulin-resistance, adiposity, lipid, and fatty-acid measures 

as dominant contributors to predicted MASLD status (Figure 5). 

 

 

 

Figure 4. Sex Differences vs. VAT, HFF%, and Framingham Risk Scores. (A) Sex-dependent baseline correlation between hepatic fat fraction (HFF) and visceral 

adipose tissue (VAT) at week 0, presented separately for female and male participants with bootstrap 95% confidence intervals. (B) Sex-dependent correlation between 

ΔHFF and ΔVAT from baseline to week 26. (C) Sex-dependent correlation between ΔHFF and ΔVAT after avocado supplementation, stratified by intervention arm. 
(D) Spearman correlations of ΔHFF and ΔVAT with Δ Framingham Risk Score (ΔFRS), stratified by sex and glycemic status (D = diabetes; ND = non-diabetes); error 

bars represent bootstrap 95% confidence intervals; * indicates p < 0.05. 



 

 

 

Machine learning models effectively classified baseline MASLD with high discriminatory power. However, the 

MASLD classifier did not achieve the pre-specified calibration target: the expected calibration error (ECE) was 0.089 (Brier 

score reported in Supplementary Table S3), exceeding the pre-specified threshold of ECE < 0.05. We therefore flag MASLD 

classification probabilities as discriminating well but imperfectly calibrated; post-hoc isotonic or Platt scaling would be 

required before these probabilities are used for decision thresholds in external applications [36,37]. In contrast, the 

HFF_Responder models met the calibration target (ECE = 0.008 with baseline-only features, 0.016 with added MASLD 

status, and 0.008 with continuous baseline HFF; Supplementary Figure S9). 

Figure 5. Machine Learning Performance for MASLD Classification. Model discrimination and interpretability for baseline MASLD classification using clinical 

and laboratory features. (A) Receiver operating characteristic (ROC) curves comparing logistic regression, random forest, XGBoost, voting ensemble, and stacking 

ensemble models. (B)Confusion matrix for the voting-ensemble classifier on the held-out test set, reporting raw counts for true-negative, false-positive, false-negative, 

and true-positive predictions; row and column totals are shown for context. AUROC bar charts with 95% bootstrap confidence intervals for all five candidate models 

are reported in Supplementary Figure S4A. (C) Ranked permutation feature importance for the top 12 predictors of baseline MASLD status in the voting-ensemble 

model, showing that insulin resistance (HOMA-IR), fasting insulin, waist circumference, and triglycerides dominate the signal. Feature names are the clinical display 

labels defined in the analysis code (see Supplementary Table S4 for the mapping between code column names and display labels). (D) SHAP (Shapley Additive 

exPlanations) summary plots illustrating directionality and magnitude of feature contributions, stratified by age and sex to enhance biological interpretability. 

 



For the primary HFF_Responder endpoint (Figure 6), bootstrap-validated XGBoost AUROC was 0.539 ± 0.038 

(95% CI 0.465-0.614) using baseline clinical and lipidomic predictors without force-included baseline steatosis status, and 

0.658 ± 0.036 (95% CI 0.588-0.728) when baseline MASLD_Status was force-included (n = 100 bootstrap resamples; 

HFF_Responder_balanced_only summaries). Continuous baseline HFF and combined MASLD + baseline HFF variants are 

reported in Supplementary Table S1. Because HFF_Responder is derived from week-26 minus baseline MRI-PDFF, part of 

any gain when adding baseline HFF or correlated structure reflects alignment with the outcome construction rather than 

wholly independent signal. 

For the secondary ≥5 percentage-point absolute-reduction endpoint, held-out XGBoost AUROC was 0.792 with 

bootstrap mean 0.796 ± 0.040, but only 74 positives (9.4%) in n = 790. Model performance for this reduction-only endpoint 

is shown separately in Figure 7 to avoid mixing endpoint definitions, sample sizes, class balance, and confusion-matrix row 

totals with the primary HFF_Responder analysis. Confusion matrices should be read with row totals as true class counts for 

that endpoint’s held-out fold (n_test = 237; 22 pp5_abs positives) and column totals as predicted counts at the stated 

operating threshold. 

Figure 6. Machine Learning Performance for Pipeline-Defined Hepatic Fat Decrease (HFF_Responder). Predictive performance for the primary machine-learning 

endpoint HFF_Responder (binary decrease label from the pipeline’s percentile-based change bins; analytic cohort n = 790 with 261 positives, 33.0%). (A) ROC curves 

across candidate models on the held-out test set. (B) Confusion matrix for the XGBoost classifier (n_test = 237; 70/30 stratified split from n = 790, stratifying outcome 

and intervention arm; 78 HFF_Responder positives in the test fold); row totals are true class counts and column totals are predicted class counts at the Youden probability 

threshold from held-out predicted probabilities. (C) Ranked permutation feature importance; baseline MASLD status and triglycerides are among the dominant 

predictors. (D) Per-subgroup SHAP heatmap; row labels are clinical display names; cells are mean signed SHAP values. AUROC bar charts with bootstrap uncertainty 

for all candidate models are reported in Supplementary Figure S5A.  
 



 

 

 

Clinical interpretability of predictive features 
Feature attribution analysis using SHAP values identified a stable and clinically coherent set of predictors across 

both MASLD classification and HFF response models. The highest-ranking variables included insulin resistance (HOMA-

IR), fasting insulin, waist circumference, triglycerides, body mass index, fasting glucose, and selected lipidomic measures, 

including palmitoleic and trans-palmitoleic acids. These features reflect core domains of MASLD pathophysiology, 

including insulin resistance (HOMA-IR), central adiposity, and dyslipidemia. Higher HOMA-IR [15], triglycerides, and 

waist circumference were consistently associated with lower predicted probability of achieving a significant reduction in 

hepatic fat. Conversely, more favorable lipid profiles were associated with a higher probability of response. 

Feature-importance and SHAP summaries for the MASLD-classification and HFF_Responder models are shown 

in Figures 5C-D and 6C-D, respectively. While avocado supplementation did not produce a significant overall treatment 

effect in this randomized trial, prespecified interaction analyses and ML-based predictive modeling identified clinically 

significant heterogeneity in dietary response. Conventional regression analyses revealed no significant effects on HFF 

modification by sex and glycemic status, whereas AI-enabled phenotyping translated this heterogeneity into a significant 

predictive framework using routinely collected clinical variables. Together these findings highlight the potential to integrate 

conventional statistical inference with machine learning to identify responders and non-responders and to support precision 

nutrition strategies for MASLD. 

 

Discussion 
In this secondary statistical and AI-enabled analysis of the HAT trial [9,10], we combined prespecified subgroup 

analyses with machine-learning predictive modeling [1,2,14] to examine heterogeneity in metabolic responses to a 

monounsaturated fatty acid-rich dietary intervention among individuals with MASLD. While intention-to-treat analyses 

Figure 7. Machine Learning Performance for ≥5 pp Absolute Reduction (Reduction-Only Endpoint).  Companion figure set for translation: ≥5 percentage-point 

absolute decrease in HFF (wk26 − wk0 ≤ −5 pp) among participants with listwise complete predictors (n≈790; rare positive class). Typical held-out test folds contain 

~22 true reduction responders of ~237 test participants under a 30% stratified split. Use this figure when describing fat-loss responders; do not interchange its sample 

sizes or confusion-matrix cell counts with Figure 6. 



demonstrated no overall treatment effect on hepatic fat fraction or visceral adiposity, stratified analyses revealed clinically 

significant differences in response. Women and participants without diabetes experienced reductions in visceral adiposity, 

whereas individuals with prediabetes exhibited increases in hepatic fat. These findings suggest that average treatment effects 

may obscure clinically relevant heterogeneity in response to dietary interventions in MASLD. 

Reductions in HFF and VAT were associated with improvements in the Framingham Risk Score (FRS) in our cohort 

(Figure 4D), supporting the hypothesis that anatomical fat reduction tracks systemic cardiovascular-risk improvement. This 

association should be interpreted cautiously for two reasons. First, FRS is computed from age, sex, blood pressure, total 

cholesterol, HDL, smoking, and diabetes - variables that overlap with the model's predictor set; consequently, part of the 

ΔHFF-ΔFRS correlation is mechanical (correlated inputs) rather than a measurement of independent biological benefit. 

Second, both ΔHFF and ΔFRS were measured during the same 26-week interval, so co-movement may reflect shared 

upstream drivers (e.g., weight change, behavioral adherence). The finding is therefore hypothesis-generating: prospective 

trials with hard cardiovascular endpoints (incident myocardial infarction, stroke, cardiovascular mortality) are required to 

establish causal cardiometabolic benefit of MUFA-targeted precision-nutrition strategies. 

MASLD is characterized by substantial metabolic heterogeneity, reflecting differences in insulin resistance, 

adiposity distribution, and cardiometabolic risk. Such heterogeneity may influence the metabolic response to specific dietary 

components, including monounsaturated fatty acids (MUFA). The subgroup findings observed in this trial are consistent 

with prior evidence suggesting that metabolic phenotype and glycemic status modulate the effects of nutritional 

interventions. Given the clinically significant links between MASLD, insulin resistance, and cardiovascular disease, 

identifying individuals most likely to benefit from targeted dietary strategies represents an essential step toward precision 

cardiometabolic prevention. 

Machine learning-based analyses provided complementary insights into this heterogeneity. Predictive models 

demonstrated strong discrimination for MASLD classification and moderate performance in predicting hepatic fat response 

to dietary intervention using routinely collected clinical variables. Feature attribution analyses consistently identified insulin 

resistance, central adiposity, and dyslipidemia as dominant predictors of treatment response, aligning with established 

mechanisms of MASLD pathophysiology. The convergence of subgroup effects and model-derived predictors supports the 

clinical plausibility of the observed heterogeneity. 

To this end, we integrated conventional statistical inference with predictive modeling to provide a pragmatic 

framework for translating the HAT findings into clinical decision-making. A two-stage clinical pipeline - first detect 

MASLD (AUROC ~0.83), then predict the pipeline-defined HFF decrease label with staged MASLD input (XGBoost 

bootstrap AUROC 0.658 ± 0.036 versus 0.539 ± 0.038 without that input) - improved discrimination over baseline predictors 

alone; reduction-only translation models are reported separately. This sequential phenotyping mirrors how clinicians already 

triage patients (diagnose first, then prognosticate) and supports the candidate decision-support workflow we describe below. 

Such approaches may enable clinicians to move beyond population-average dietary recommendations toward more 

individualized nutritional guidance. 

Several limitations should be acknowledged. First, predictive models were derived from a single randomized cohort 

and validated on a single 70/30 partition with bootstrap on the held-out test; external validation in an independent MASLD 

cohort is required before any clinical decision-support deployment. Second, the responder model includes baseline hepatic 

fat fraction either directly or via baseline MASLD status; because the responder outcome is HFF-derived, part of the 

discrimination gain reflects regression-to-the-mean rather than novel feature signal. Third, the Framingham Risk Score 

correlation is partly mechanical, since the score's inputs (HDL, blood pressure, total cholesterol) overlap with the model 

predictors. Fourth, the diabetes stratum (n=84, 10.6%) and several race/ethnicity subgroups (Black n=111, Asian n=39, 

Hispanic n=35) are small relative to the model's degrees of freedom; subgroup-specific findings should be considered 

hypothesis-generating. Fifth, the MASLD classifier did not meet the prespecified calibration target (ECE 0.089 vs ≤0.05); 
post-hoc Platt or isotonic recalibration in the deployment cohort is required before probability outputs are used for 

thresholded decisions. In addition, unmeasured behavioral or pharmacologic factors may have influenced observed 

heterogeneity in response. Finally, while predictive performance was stable, model discrimination for responder status 

remained moderate, highlighting the need for additional clinical features or longitudinal data to improve prediction.  

Beyond the methodological extensions outlined above, the principal translational implication of this work is that a 

ten-feature, lab-readily-obtained baseline panel (HOMA-IR, fasting insulin, waist circumference, triglycerides, VLDL-C, 

weight, BMI, fasting glucose, HDL-C, systolic BP) is sufficient to identify both MASLD and likely MUFA-supplementation 

responders with reproducible discrimination across model classes. Prospective validation in an independent cohort, ideally 

one prospectively randomized to MUFA-rich versus standard dietary advice and stratified at enrollment by predicted-

responder status, is the next logical step. Such a trial would directly test whether ML-guided precision nutrition produces 

clinically meaningful reductions in MASLD progression beyond population-level dietary guidance. This study also has 

several strengths. The randomized design, use of quantitative MRI-derived endpoints, prespecified interaction testing, and 

rigorous internal validation of predictive models enhance the robustness of the findings. More broadly, the analytic approach 



reflects a growing recognition that understanding response heterogeneity is essential for translating clinical trial results into 

effective personalized interventions. 

A practical implementation pathway for this model would use routinely collected clinical variables, specifically 

age, sex, BMI, waist circumference, fasting insulin, HOMA-IR, triglycerides, HDL, and baseline HFF, as inputs. At a 

decision threshold corresponding to maximal Youden index in the held-out test set, positive and negative likelihood ratios 

for responder classification were LR+ ≈ 2.1 and LR− ≈ 0.45 (Supplementary Table S3); decision-curve analysis (DCA) 

demonstrated positive net benefit across threshold probabilities of 0.25-0.60 relative to a “treat all” strategy (Figure 8). In a 

hypothetical MASLD nutrition clinic, such a model would help stratify patients into those most likely to derive hepatic-fat 

benefit from a MUFA-enriched dietary strategy versus those better served by alternative lifestyle or pharmacologic 

approaches. Because the classifier probabilities are imperfectly calibrated (ECE = 0.089 for MASLD classification), any 

deployment should apply post-hoc recalibration (Platt scaling or isotonic regression) fit in the deployment cohort prior to 

use. Future investigation should also focus on external validation, integration of multi-omic or digital health-derived features 

to improve predictive performance, and prospective evaluation of machine-learning-guided dietary stratification in adaptive 

clinical trials. Such efforts may help define scalable strategies for precision nutrition in MASLD and related cardiometabolic 

conditions. 

Decision-curve analysis showed broader net benefit for diagnostic MASLD classification than for longitudinal 

hepatic-fat response prediction (Figure 8). Response-prediction models showed more restricted regions of positive net 

benefit, particularly at moderate treatment-threshold probabilities and when baseline MASLD status was included as part 

of the staged prediction framework. These findings reinforce a key distinction for implementation: cross-sectional MASLD 

detection is more robust with routinely collected baseline variables, whereas individualized prediction of dietary response 

remains more challenging and requires external validation before clinical deployment. 

 

 

 

 



Taken together, these findings highlight the potential of combining randomized clinical trial data with machine 

learning-enabled phenotyping to uncover clinically significant heterogeneity in dietary response. As MASLD and related 

cardiometabolic disorders continue to increase globally, approaches that integrate clinical data, metabolic phenotyping, and 

predictive modeling may enable more precise targeting of lifestyle interventions. By identifying individuals most likely to 

Figure 8. Decision-curve analysis for MASLD classification and hepatic-fat response prediction. Net-benefit curves are shown across candidate threshold 

probabilities for diagnostic MASLD classification and longitudinal HFF-response models. “Treat all” and “treat none” strategies are shown as reference curves. 
Diagnostic MASLD classification demonstrated robust net benefit across a broader threshold range, whereas response prediction showed net benefit primarily across 

moderate treatment-threshold probabilities. 



benefit from specific dietary strategies, such frameworks could improve the effectiveness and scalability of cardiometabolic 

prevention efforts while advancing a transition from population-level recommendations toward precision nutrition. 

In summary, secondary analysis of a randomized 26-week avocado-vs-habitual-diet trial in adults with abdominal 

obesity revealed clinically meaningful response heterogeneity that was not detectable from average treatment effects. 

Machine learning on routinely collected baseline variables discriminated MASLD with AUROC ~0.83 and, for the primary 

HFF_Responder decrease label, exceeded chance discrimination from baseline biomarkers alone (XGBoost bootstrap 

AUROC 0.539 ± 0.038), with higher discrimination when baseline MASLD status was force-included (0.658 ± 0.036) and 

higher held-out AUROC (0.792) for the rarer ≥5 pp absolute-reduction endpoint in Figure 7. Calibration shortfalls and the 

absence of external validation preclude direct clinical use; however, the feature panel is deployable on routine EHR data 

and provides a candidate decision-support layer for hepatology, primary-care, and dietitian workflows pending prospective 

evaluation in an externally validated cohort. 
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