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Abstract

We present iDT-diet, an intelligent digital twin prototype de-
signed to model the long-term influence of diet quality on
health biomarkers and chronic conditions. The system inte-
grates three novel components: (i) a random forest learning
model enhanced with Choquet LASSO feature selection for
capturing complex, nonlinear interactions in temporal health
data; (ii) a translation module that converts predictive outputs
into natural language narratives of physical and biomarker
states; and (iii) a generative 3D visualization engine that pro-
duces dynamic, personalized digital twins reflecting evolv-
ing health trajectories. This integration uniquely links ad-
vanced machine learning, interpretable communication, and
immersive visualization within a single framework. While the
current implementation focuses on retrospective digital twin
generation, the system architecture supports real-time data in-
tegration, enabling continuous monitoring, predictive simula-
tion, and personalized recommendation delivery for diet and
lifestyle management.

Introduction

In this work, we introduce iDT-diet, an intelligent dig-
ital twin prototype designed to model and visualize the
long-term influence of diet quality on health outcomes and
chronic conditions. The system integrates three tightly cou-
pled components: (i) a Random Forest model enhanced with
Choquet LASSO feature selection for capturing nonlinear,
high-dimensional interactions in temporal health data; (ii)
a translation module that converts predictive outcomes into
natural language descriptions of biomarkers and physical
states; and (iii) a 3D visualization engine that generates dy-
namic, personalized avatars to represent evolving health tra-
jectories.

Our approach builds on established evidence linking
diet quality, as measured by indices such as the Alternate
Healthy Eating Index (AHEI-2010), with biomarkers and
chronic diseases including obesity, diabetes, and cardiovas-
cular conditions (Fallaize et al. 2018; Xu et al. 2020; Lynch
et al. 2024). Traditional feature selection methods often fail
to capture higher-order interactions in health data (Iranzad
and Liu 2024), while fuzzy measures such as the Choquet
integral provide a systematic but computationally intensive
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alternative (Murofushi, Sugeno et al. 2000; Sugeno 1974).
By integrating Choquet-based modeling with LASSO regu-
larization, iDT-diet achieves efficient feature and interaction
selection, improving predictive performance while main-
taining interpretability compared to similar works (Wang
et al. 2007; Bresson et al. 2020; Fang et al. 2010).

Digital Twin visualization technologies have shown great
promise in healthcare. However, most current implemen-
tations remain static or organ-specific (Erol, Mendi, and
Dogan 2020). For example, (Viola et al. 2023) modeled car-
diac geometry for real-time 3D heart visualization, enhanc-
ing doctor-patient communication. Similarly, (Gkouskou
et al. 2020) demonstrated that patient-specific VR consulta-
tions improved understanding and satisfaction in metabolic
and gut-microbial nutrition analysis. In contrast, iDT-diet
extends beyond these organ- or system-focused applications
and learns about patients from longitudinal dietary behav-
iors and their relationships with physical biomarkers and
chronic disease progression. It provides interpretable, visu-
ally guided feedback to support understanding and decision-
making.

iDT-diet: Intelligent Digital Twin System
Prototype

We propose a digital twin framework for diet and biomarker-
based prediction. First, Choquet LASSO Regression is ap-
plied to select features and random forest to complete pre-
diction collectively named Choquet-LASSO-RF.

Letz = (z1,9,...,2z,) € R™ be the feature vector.

Co(f(2)) = Z (a@yz@) — ag—nza-1) - v(Aw), ()
i=1
where Ty Sx2) <o Sy with respective coefficient
a¢;) and cumulative set Ay = {(7), (i +1),...,(n)}. The
model output is defined as § = C,(f(x))

For regression tasks, the learning objective minimizes
mean squared error (MSE) with LASSO regularization on

the linear coefficients:
m n

1 . 2
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where Apasso is a tuned hyper-parameter for lasso regular-
ization.
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Figure 1: Overview of iDT-Diet: Intelligent Digital Twin Prototype Diet-Influenced Biomarker Trajectories
Target MSE MAE
Choquet-LASSO-RF | XGBoost | LightGBM | CatBoost || Choquet-LASSO-RF | XGBoost | LightGBM | CatBoost
Height 35.72 56.25 34.09 41.62 1.48 1.80 1.79 2.98
Weight 69.69 87.88 85.33 127.41 4.46 5.09 4.98 6.97
Waist 90.58 100.19 101.76 121.97 5.53 5.90 5.98 7.09
Syst. BP 208.75 258.96 233.22 240.21 10.04 11.65 10.83 11.20
Dias. BP 81.26 86.46 84.13 86.34 6.90 7.32 7.10 7.31
HDL Chol. 87.16 96.09 84.32 123.15 7.21 7.49 7.08 8.48
LDL Chol. 994.98 1166.77 1016.70 1129.68 24.75 26.48 24.61 26.43

Table 1: Model performance evaluation of Choquet-LASSO RF across biomarkers at 6 years from baseline

Pairwise interactions using Sugeno A-measure (Muro-
fushi, Sugeno et al. 2000) are computed as:

v({Aw),i}) = v({Aw}) +v({5}) + Ly,

where Agygeno i a hyper-parameter controlling the interac-
tion strength and I; ; = Agugeno-v({A() })-v({j}) is the pair-
wise feature interaction value from which we pick the top-k
features for a random forest pipeline: with biomarker predic-
tion at each timepoint using data upto the target timepoint
and diabetes outcome probabilities from the base biomark-
ers and predicted biomarkers selected over all times.

Natural Language Translation Predicted biomarkers are
transformed into descriptive sentences to enable natural lan-
guage interpretation. The structured template used is:

3

A [age] year old [race] [gender] with a(n) [height]
height, a(n) [weight] build, and a(n) [waist] waist.

Subject details such as age, race, and gender are directly in-
serted, while height, weight, and waist circumference are
categorized into descriptive buckets derived from national
averages (Fryar et al. 2021; NHLBI-Obesity 2000).

3D Visualization Engine The visualization system op-
erates in two phases. First, generative Al converts the de-
scriptive sentences into 3D digital twin models, with mul-
tiple generations produced to ensure reliability where the
models were generated using Meshy.ai (Meshy 2025) from
predicted biomarkers. Second, the models are exported as
. fbx files and imported in a visualization environment,
where lighting and scene adjustments enhance clarity with
tests in Unity Graphical Engine(Unity 2025).
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iDT-Diet Numerical Analysis

iDT-Diet was evaluated on a selected longitudinal dataset of
402 participants with repeatedly measured biomarkers and
diet quality measurements at baseline, year 1, year 3, and
year 6. Inputs included all biomarkers and diet quality com-
ponents till target timepoints, while targets were biomarkers
and diabetes outcomes subsequent to the input. Data were
normalized, with 80% for training and 20% for testing and
Choquet-LASSO-RF applied from feature selection to tar-
get prediction. Models per target were tuned and trained
with cross-validation, and results averaged across 5 ran-
dom seeds to ensure replicability while retaining only 50-
70% of candidate features based on target. Performance was
assessed using MSE and MAE for biomarker regression,
and accuracy for diabetes classification. Compared to state-
of-the-art models LightGBM (Ke et al. 2017), CatBoost
(Prokhorenkova et al. 2018), XGBoost (Chen and Guestrin
2016)), iDT-Diet generally achieved lower prediction errors
across multiple targets(Table-1), with diabetes prediction ac-
curacy around 97%. Finally, we present defined 3D visual-
izations to communicate physical progression based on these
predictions over the years.

Discussion and Conclusion

The iDT-Diet framework was developed to provide an inter-
pretable, data-driven approach for linking longitudinal diet
quality with biomarkers with better interpretability and tra-
jectory visualization. These capabilities support personal-
ized nutrition strategies and public health planning, with po-
tential for future work on expanding population diversity
and integrating additional lifestyle and chronic condition in-
teractions.
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