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INTRODUCTION

Meal content tracking is a prerequisite for precision nutrition and metabolic health monitoring. Self-reported food logs or dietary recalls are prone to
inaccuracies and biases. We propose MealMeter, a lightweight machine learning-driven method that leverages multimodal sensor data from wearable
and mobile devices to track meal contents. Data are collected from 12 participants in controlled condition. We integrate physiological signals
(continuous glucose, heart rate variability), and inertial motion data to model the relationship between meal intake and metabolic responses.

MealMeter significantly improves meal macronutrient estimation compared to the baselines, achieving average mean absolute errors (MAE) and
average root mean squared relative errors (RMSRE) of 13.2 grams and 0.37, respectively, for carbohydrates.
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AIMS

1. Develop a unique dataset from 12 healthy individuals equipped with
CGM sensor and Empatica E4 to capture metabolic response to
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explore associations among these parameters Pipeline: MealMeter performs multimodal fusion using data from Dexcom G6 CGM and Empatica

E4 followed by feature engineering and light-weight model training for dietary assessment

64.0
DATASET A = Carbs (9
/\ Fat (g)
Pre-meal Post-meal

w (o))
= o

> Participants: 12 healthy adults (ages 23-31, BMI 20.08-31.84) 3 130- T — ‘ I\ v
- Devices: Dexcom G6 CGM to capture blood glucose every 5 minutes, Empatica E4 £ A | T “ £
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customized to resting energy expenditure and served at 8:30, 12:30, 16:30, with 800 1200 1400 1600 1800

snacks at 10:30 AM and 14:30 "“""j:-» é
- Limited mobility: Participants remained sedentary and were prompted every 30 Ll
minute through smartphone about their activity CGM signal as response to the food items fed at different timestamps. 90-minute

long pre- and post-meal windows are two of many inputs to the pipeline
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