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Abstract—This study presents an automated and data-driven
framework for analysing glucose response patterns in individuals
with Type 1 diabetes by integrating machine learning and
computer vision methodologies. The system leverages multimodal
data inputs, including food images, continuous glucose monitoring
(CGM) data, and time-series meal logs to model glycaemic
variability and infer personalized dietary effects. Using a dataset
comprising over eighty annotated meals from eight subjects, the
framework extracts nutritional features from food images via
convolutional neural networks (CNNs) with attention mechanisms
and correlates them with postprandial glucose trajectories. The
analysis reveals substantial inter-individual variability and
identifies critical temporal and nutritional factors influencing
glucose dynamics. Results demonstrate the system’s capability to
detect patterns predictive of glycemic responses, enabling the
development of tailored dietary recommendations. This approach
offers a scalable tool for personalized diabetes management and
paves the way for future integration into real-time decision
support systems.
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. INTRODUCTION

Type 1 diabetes management represents a complex
challenge in modern healthcare, requiring continuous
monitoring of blood glucose levels and precise coordination of
multiple factors affecting glycaemic control. The global
prevalence of diabetes and its associated complications has
created an urgent need for more sophisticated management
approaches, particularly given the substantial economic burden
and strain on healthcare resources [2]. Traditional diabetes
management strategies rely on manual logging and simplistic
carbohydrate counting, which often fail to capture the intricate
relationships between individual glucose responses, dietary
choices, and temporal patterns.

Recent advances in artificial intelligence, particularly in
machine learning and computer vision, have opened new
avenues for developing more comprehensive and personalized
diabetes management solutions [3]. These technological
developments are particularly significant in Type 1 diabetes,
where precise timing and dosing of insulin are crucial for

maintaining optimal glycaemic control. The integration of
computer vision-based food recognition systems with glucose
monitoring data represents a promising direction, as it enables
automated dietary tracking and more accurate estimation of
nutritional intake [4].

Contemporary research has demonstrated the potential of
machine learning approaches in various aspects of diabetes care,
from the prediction of glucose levels to the optimization of
insulin dosing schedules [5]. However, most existing solutions
focus on isolated aspects of diabetes management rather than
taking a holistic approach that considers multiple data streams
simultaneously. This limitation is particularly notable in the
context of meal-related glucose responses, where factors such as
food composition, timing, and individual metabolic patterns all
play crucial roles.

The DINAMO dataset, with its comprehensive collection of
glucose measurements, food images, and temporal information,
provides an ideal foundation for developing and validating more
sophisticated analytical approaches [1]. This dataset enables the
exploration of complex relationships between dietary choices
and glycaemic responses, while also accounting for individual
variations in metabolism and insulin sensitivity. Our work
leverages this rich dataset to develop an automated system that
combines computer vision-based food analysis with advanced
pattern recognition techniques to generate personalized insights
for diabetes management.

The significance of this research lies in its potential to
address several critical challenges in current diabetes care. First,
it aims to reduce the burden of manual tracking and dietary
logging, which often leads to poor adherence and incomplete
data. Second, it enables the identification of personalized
response patterns that may not be apparent through traditional
analysis methods. Finally, it provides a framework for
generating data-driven recommendations that can be adapted to
individual needs and preferences.

This study presents a novel pipeline that integrates food
image analysis with glucose data to enable personalized
glycaemic modeling. We leverage Convolutional Neural
Networks (CNN) augmented with attention mechanisms to
accurately estimate nutrient content from food images.
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Additionally, we employ ensemble learning and Bayesian
techniques for robust multi-subject glucose response modeling.
The effectiveness and real-world applicability of the proposed
framework are demonstrated through extensive validation on the
DINAMO dataset, which includes over eighty food-glucose
sequences. These contributions  collectively  advance
personalized diabetes management by combining computer
vision and machine learning approaches.

The remainder of this study is organized as follows: Section
Il presents a detailed review of the existing literature and
identifies gaps in current research. Section Il introduces the
proposed methodology, including the integration of CNNs for
food image analysis and ensemble learning for glucose pattern
recognition. Section IV outlines Results and discussion. Section
V discusses limitations and future scope. Finally, Section VI
concludes the study.

Il. LITERATURE SURVEY

Comparative research in automated diabetes management
has undergone substantial evolution in recent years,
encompassing pivotal areas that underpin our study. This review
explores these domains and their significant contributions to the
field e.g. Glucose Prediction Models Using Time-Series Data.
Recent advances in machine learning have revolutionized
glucose prediction capabilities. Interpretable machine learning
models, as demonstrated by Contreras et al. [6], have shown
promising results in forecasting glucose levels while providing
insights into the factors driving these predictions. Their work
using SHAP (SHapley Additive exPlanations) values has been
particularly significant in making black-box models more
transparent for clinical applications. Additionally, long-term
glucose forecasting studies have demonstrated the feasibility of
predicting glucose variability in patients using automated insulin
delivery systems [7].

Computer vision-based approaches to estimate carbohydrate
from food images have made significant strides, particularly in
mobile applications. Recent work by Mezgec et al. [4] has
shown that deep-learning models can achieve impressive
accuracy in food recognition and portion size estimation. The
integration of smartphone-based computer vision systems for
carbohydrate counting, as explored by Lu et al. [8], has
demonstrated particular promise in improving the accuracy of
meal-related insulin dosing decisions. These systems have
shown superior performance compared to traditional manual
carbohydrate counting methods. The analysis of Continuous
Glucose Monitoring (CGM) data using pattern recognition has
benefited substantially from recent developments in machine
learning. Particularly noteworthy is the work by Zhang et al. [9]
in developing specialized algorithms for nocturnal glucose
prediction, addressing one of the most challenging aspects of
diabetes management. Their research has shown that machine
learning models can effectively identify patterns in glucose
variability and predict potentially dangerous nighttime
excursions.

While the aforementioned areas have seen significant
individual progress, fewer studies have attempted to integrate
these components into comprehensive management systems.
Notable exceptions include the work of Marx et al. [3], who
demonstrated the potential of combining multiple data streams
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for precision diabetes care. Their research highlighted the
importance of considering both glycaemic patterns and
cardiovascular risk factors in developing personalized treatment
strategies.

The integration of these various approaches presents both
opportunities and challenges. Recent systematic reviews have
highlighted the need for more robust validation of machine
learning models in real-world settings [10]. Additionally, the
complexity of individual glucose responses to meals, as
demonstrated by multiple studies, suggests that personalization
of these systems is crucial for their effectiveness in clinical
applications.

Recent models have applied GRUs for CGM prediction,
achieving ~85% accuracy over short intervals. Our model
extends such approaches by incorporating personalized food
intake vectors and using multi-subject calibration to improve
prediction stability.

From the reviewed studies, we identify several limitations:
1) limited personalization in modeling glucose responses, 2)
underutilization of multimodal data including food images and
time-series glucose data, 3) insufficient emphasis on
interpretability and real-time adaptability, and 4) lack of robust
temporal modeling across diverse subjects. Our proposed
approach addresses these gaps by integrating computer vision
and machine learning techniques to analyze food intake and
glucose fluctuations in a personalized and interpretable manner.
The use of Bayesian models enhances subject-specific insights,
while ensemble learning improves generalizability across users.

Our work builds upon these foundations while addressing
several key limitations in existing research. First, we propose a
more comprehensive integration of food image analysis with
glucose response prediction. Second, we introduce novel
methods for pattern recognition that account for individual
variability in glucose responses. Finally, we develop a
framework for generating personalized insights that combine
information from multiple data streams in a clinically
meaningful way. Unlike prior work that treats nutrient intake or
glucose modeling independently, our framework integrates
them for real-time glycaemic response prediction, incorporating
both inter- and intra-subject variability.

I1l.  METHODOLOGY

Our analytical pipeline integrates multiple sophisticated
components to process and analyse diverse data streams for
comprehensive diabetes management. The methodology builds
upon recent advances in computer vision, machine learning, and
time series analysis to create a robust framework for
personalized glucose response analysis.

The use of convolutional neural networks (CNNSs) in food
image analysis is supported by their proven ability to extract
robust spatial feature. For temporal glucose pattern modeling,
recurrent neural networks (RNNs) and tree-based ensemble
methods such as XGBoost provide strong performance due to
their ability to capture non-linear temporal dependencies.
Bayesian hierarchical modeling is chosen to handle inter-subject
variability, as recommended in recent personalized medicine
studies [7, 9, 24]
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A. Food Image Analysis System

The foundation of our food analysis system employs a deep
learning architecture based on the latest developments in
computer vision for nutritional analysis [24]. We implemented
a hierarchical convolutional neural network (CNN) structure
that first segments the food items within an image and then
performs detailed feature extraction for nutritional content
estimation as shown in Fig. 1. The network architecture
incorporates attention mechanisms to focus on relevant food
regions and contextual features, achieving 92% accuracy in food
identification and 85% accuracy in portion size estimation.

e — ===
Hierarchicial Transfer Learning
CNN l
Food Item
Detection

Feature Extraction
. & Nutritional
Estimation

%_.

Meal Image l

Nutritional
Information

e © 8

PROTEIN

Fig. 1. Meal images analysis framework.

The system performs a multi-stage analysis of each meal
image, beginning with food item detection and proceeding to
detailed nutritional composition analysis. Following the
approach outlined by Rahman et al. [25], we incorporated
transfer learning techniques using a pre-trained model fine-
tuned on our specific dataset. This approach significantly
improved the system's ability to handle varied lighting
conditions and meal presentations, a common challenge in real-
world applications.

B. Glucose Response Analysis Framework

Our glucose response analysis framework builds upon recent
advances in time series analysis for diabetes management [26].
The system implements a novel approach to pattern recognition
in continuous glucose monitoring data, utilizing a combination
of traditional statistical methods and modern deep learning
techniques as shown in Fig. 2. We adopted the Time in Patterns
(TIP) methodology [27] for analyzing glucose fluctuations,
incorporating additional temporal features to capture meal-

specific response patterns [17].
~NB— || =2
Neural Network

Continuous

Signal Cleaning

Glucose Monitorin J
Data I
5 - Rise Time
= - Peak Magnitude

Feature - Decay Pattern

Extraction

L

Fig. 2. Glucose response analysis framework.

Pattern Analysis

The framework processes continuous glucose monitoring
data through multiple stages of analysis. Initial preprocessing
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includes noise reduction and artifact removal using adaptive
filtering techniques. The cleaned signals then undergo feature
extraction, focusing on key characteristics such as rise time,
peak magnitude, and decay patterns. We implemented a
specialized neural network architecture that incorporates both
local and global temporal dependencies, similar to the approach
described by Liu et al. [28], but with modifications to better
handle meal-related glucose excursions [37, 39].

C. Pattern Recognition and Machine Learning Pipeline

The pattern recognition component employs an ensemble
learning approach that combines multiple machine learning
algorithms to identify and classify glucose response patterns.
Building on recent work in automated pattern detection [29], our
system utilizes a combination of gradient-boosting machines
and recurrent neural networks to capture both short-term and
long-term patterns in glucose responses.

Feature engineering plays a crucial role in our methodology.
We developed a comprehensive set of features that capture both
temporal and compositional aspects of glucose responses,
including novel metrics for quantifying response variability and
stability. The feature selection process was guided by recent
findings in diabetes research regarding the most significant
predictors of glycaemic response [30].

D. Multi-subject Analysis Integration

The integration of data from multiple subjects required
careful consideration of individual variations while maintaining
the ability to identify population-level patterns. We
implemented a hierarchical Bayesian approach to account for
both individual and group-level effects, like the methodology
proposed by [30, 31] but extended to handle our multi-modal
data streams as shown in Fig. 3. The system includes specialized
components for handling missing data and accounting for
temporal alignment issues between different data sources [32,
33]. We developed robust synchronization algorithms to ensure
accurate temporal matching between meal events and glucose
responses, a critical requirement for reliable pattern analysis [34,
35].

Missing CGM values were imputed using linear
interpolation for gaps <15 minutes, and forward fill otherwise.
Meal-to-glucose alignment used temporal proximity and
participant logs within £15-minute tolerance.
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Fig. 3. Multisubject analysis framework.
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IV. RESULTS AND DISCUSSION

The summary of key analysis metrics across population-
level, temporal, individual response, and system performance
categories is presented in Table I. These metrics offer a
comprehensive evaluation of the proposed automated analysis
system for glucose response patterns in Type 1 diabetes. Our
population-level analysis revealed significant variability in
glucose responses across subjects, with mean glucose rises
ranging from 2.5 to 8.5 mmol/L, highlighting substantial
individual differences despite consistent intra-subject patterns in
time-to-peak. Temporal analysis indicated that afternoon meals
generally resulted in more stable glucose responses compared to
morning meals, which exhibited higher variability, whereas
nighttime responses consistently showed stable glucose patterns
[18, 19]. Meal composition had a pronounced impact, with high-
protein meals associated with stable glucose responses,
carbohydrate content strongly correlated with higher glucose
peaks, and fiber-rich foods linked to reduce glucose variability,
underscoring the critical role dietary factors play in managing
glucose fluctuations [20, 21].

TABLE I. SUMMARY OF KEY ANALYSIS METRICS ACROSS POPULATION-
LEVEL, TEMPORAL, INDIVIDUAL RESPONSE, AND SYSTEM PERFORMANCE
CATEGORIES

Analysis . Statistical
Category Metric Value Significance
Mean Glucose | 2.5-8.5
Rise Range mmol/L p<0.001
. Population .

Population- Standard 3.2 mmol/L Cl: 2.9-35

Level Glucose . mmol/L
Deviation

Response -
Morning
Response 42% CV p<0.01
Variability
Afternoon Peak | 5 6 molL | p<0.001
Rise

Temporal Morning Peak

Patterns Rise 5.2 mmol/L p <0.001
Time-to-Peak 45-90 minutes | p <0.01
Range
Pattern

Individual Recognition R2=0.87 Cl: 0.84-0.90
Accuracy

Response Protein Impact

- 0,

on Variability 28% p<0.001
Pattern

individual Recognition R2=0.87 Cl: 0.84-0.90
Accuracy

Response Protein Impact

- 0,

on Variability 28% p<0.001
Food

System Component 89% accuracy Cl: 86-92%

Perormance Recognition
Glucose 0.8  mmol/L | CI: 0.6-1.0
Prediction Error | MAE mmol/L

Analysis of individual subjects revealed distinct personal
glucose response patterns to similar meals, underscoring the
need for personalized monitoring [38]. Each subject exhibited
consistent timing in their glucose peaks, yet showed varying
sensitivity to different meal compositions, such as differing
reactions to carbohydrates or fiber content [22, 23]. The
automated system effectively processed data from eighty-three
meals across eight subjects, demonstrating strong performance
in food feature extraction from meal images and accurate
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identification of glucose response patterns. The framework
reliably generated personalized insights and recommendations,
showcasing its robustness in handling real-world multi-subject
data.

This study uses the publicly available DINAMO dataset,
which contains de-identified food intake and CGM data. The
dataset was collected under approved ethical protocols. As no
new data collection or patient contact occurred, additional IRB
approval was not required. The dataset includes continuous
glucose monitoring (CGM) data at five-minute intervals, images
of food intake, carbohydrate estimations, insulin dosing, and
activity logs. All data were anonymized and collected under
appropriate ethical approvals. Data preprocessing included
synchronization of timestamps, normalization of glucose values,
and image augmentation for CNN training. Missing data was
imputed using temporal interpolation techniques. While the
primary analysis is based on the DINAMO dataset, we
simulated additional glucose trajectories using stochastic time-
series generators to mimic real-world variability [36]. Our
models maintained strong predictive accuracy, with less than
five per cent performance degradation under data drift,
demonstrating scalability potential. Future integration with
datasets such as OhioT1DM will further confirm this.

V. LIMITATIONS AND FUTURE WORK

Our research, while demonstrating promising results in
automated diabetes management, faces several important
limitations that warrant discussion and point towards future
research directions. The current implementation's primary
limitation stems from the relatively small sample size of eight
subjects, which may not fully capture the diverse range of
glycaemic responses observed in the broader Type 1 diabetes
population. As highlighted by Ramkissoon et al. [11], robust
validation of artificial intelligence systems in diabetes care
requires larger, more diverse patient cohorts to ensure
generalizability across different demographic groups and
comorbidity profiles.

The computer vision component of our system, while
effective for standard meal presentations, currently exhibits
limitations in handling complex, mixed meals and varying
lighting conditions. This challenge aligns with findings from
recent studies by Watson et al. [12], who identified similar
constraints in deep learning-based food recognition systems.
Furthermore, the system's reliance on high-quality food images
may present practical challenges in real-world settings, where
optimal photography conditions cannot always be guaranteed.

Data quality and consistency represent another significant
limitation. As noted by Chen et al. [13] in their comprehensive
review of machine learning applications in diabetes care, the
accuracy of automated systems heavily depends on the
reliability of input data. Our current implementation may be
susceptible to variations in sensor accuracy and user compliance
in food logging, potentially affecting the reliability of generated
recommendations.

While DINAMO provides valuable multi-modal data, its
limited demographic scope may affect generalizability.
Variability in food presentation and lighting can affect image-
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based estimates. Furthermore, sensor dropout and reporting
inconsistencies introduce noise that may affect model accuracy.

Looking towards future work, several promising directions
emerge from our findings and recent developments in the field.
Integration of additional physiological parameters represents a
particularly promising avenue for enhancement. Recent work by
Krishnamoorthy et al. [14] demonstrates the potential value of
incorporating stress levels, physical activity data, and sleep
patterns into glucose prediction models. Such integration could
significantly improve the accuracy of our system's predictions
and recommendations.

The development of more sophisticated computer vision
algorithms specifically tailored to dietary analysis in diabetes
management presents another important direction for future
research. As suggested by recent advances in deep learning
architectures [15], the incorporation of attention mechanisms
and multi-modal learning approaches could enhance the
system's ability to accurately estimate nutritional content from
food images under varying real-world conditions.

Real-time adaptation capabilities represent another crucial
area for future development. The system could be enhanced to
continuously learn from individual patient responses, adjusting
its recommendations based on observed outcomes. This
approach aligns with the emerging paradigm of personalized
diabetes management systems discussed by Martinez-Millana et
al. [16], who emphasizes the importance of adaptive learning in
improving glycaemic control.

Clinical validation through longitudinal studies will be
essential for establishing the system's efficacy in real-world
settings. Future work should include randomized controlled
trials comparing our automated approach with traditional
diabetes management methods, focusing particularly on long-
term glycaemic control and quality of life outcomes.
Additionally, investigation of the system's impact on reducing
the cognitive burden of diabetes management could provide
valuable insights into its practical benefits.

VI. CONCLUSION

This study presented a novel system for automated analysis
of glucose response patterns in Type 1 diabetes. The system
successfully demonstrated the ability to process multiple data
streams, identify meaningful patterns, and generate personalized
recommendations. Our results highlight the importance of
individualized approaches to diabetes management and the
potential of machine learning and computer vision in supporting
these efforts.

The findings suggest that personalized analysis of glucose
responses, combined with automated food analysis, can provide
valuable insights for diabetes management. The observed
variations in individual responses further support the need for
personalized approaches to diabetes care.

The proposed framework successfully models glucose
responses using integrated visual and temporal data, achieving
personalized and accurate predictions. Future deployment in
clinical settings may enable meal-specific insulin
recommendations or alert systems for dysglycemia.

Vol. 16, No. 5, 2025

The framework can be embedded in a smartphone app that
integrates with wearable CGMs and uses on-device CNN
models for meal recognition. Lightweight ensemble models
such as pruned XGBoost trees can run efficiently on edge
processors.
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