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Abstract: Employing deep neural networks (DNNs) and machine learning (ML) to provide individualised nutrition 
programs based on user demands, AI-driven personalised nutrition is a revolutionary approach to nutritional 
recommendations. Nutritional intake, metabolic reactions, and dietary patterns have all been studied in the past using 
classical machine learning (ML) techniques including Random Forests (RF), Support Vector Machines (SVM), and k-
Nearest Neighbours (k-NN). Though useful in identifying some dietary patterns, these models frequently suffer from the 
complexity and high dimensionality of nutritional data, which results in less than ideal personalisation.Alternatively, the 
suggested architecture of a deep neural network (DNN) is made to manage this complexity by identifying complicated 
connections between food inputs and personal metabolic profiles. The DNN model can better analyse and forecast the 
effects of particular foods on an individual's health since it integrates multi-layered architectures and attention 
mechanisms. Personalised nutrition can be approached more holistically when important aspects including metabolic 
responses, food absorption rates, genetic predispositions, and lifestyle factors are included.A comparison test between 
the proposed DNN model and current ML methods shows that the DNN is superior in terms of model interpretability, 
prediction accuracy, and capacity to handle multi-dimensional, large-scale datasets. Compared to classic ML approaches, 
which typically reach between 70-85% accuracy, the DNN delivers up to 95% accuracy in dietary recommendations. In 
addition, the DNN's capacity to learn from fresh data and adjust accordingly guarantees that dietary recommendations 
change as an individual's preferences and health state do. The aforementioned study highlights the capacity of artificial 
intelligence (AI) to transform personalised nutrition by providing more accurate, dynamic, and empirically supported 
dietary recommendations. 
Keywords: Artificial Intelligence, Deep Neural Networks, Machine Learning, Personalised Nutrition, Metabolic Profiling, 
Model Comparison, Predictive Accuracy, Adaptive Learning, Dietary Recommendations, Nutrient Absorption, Health 
Optimisation. 

INTRODUCTION 
Since machine learning (ML) and artificial intelligence (AI) technology continue to progress, the search for personalised 
nutrition has gained considerable traction. Conventional nutritional advice frequently depends on general dietary 
recommendations that might not take into consideration lifestyle variables, genetic predispositions, and individual 
heterogeneity in metabolic reactions. Deep neural networks (DNNs), in particular, are a promising way to get beyond 
these restrictions and deliver more personalised food suggestions in light of recent advancements in AI. 
Conventional Methods and Their Drawbacks 
Nutrient data analysis and dietary pattern identification have historically been accomplished through the use of machine 
learning techniques like Random Forests (RF), Support Vector Machines (SVM), and k-Nearest Neighbours (k-NN). These 
techniques have proven useful in some situations, but they have a difficult time managing the great dimensionality and 
complexity of nutritional data. The challenges in capturing complex interactions between various dietary inputs and 
individual metabolic profiles are among the limits of these classical techniques, which frequently lead to less individualised 
recommendations [1][2]. 
Breakthrough in Deep Neural Network Technologies 
Deep neural nets (DNNs) offer a more advanced method of handling the intricacy of nutrition data than do traditional 
machine learning techniques. Because of their sophisticated attention mechanisms and multi-layered architectures, DNNs 
are made to identify and model complex patterns in data. Large-scale, high-dimensional datasets, such those related to 
personalised nutrition, may be efficiently managed and analysed by DNNs thanks to this feature [3][4]. 
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Through the integration of several aspects such as metabolic responses, food absorption rates, genetic predispositions, 
and lifestyle elements, DNNs have been demonstrated in recent research to greatly improve the precision of dietary 
recommendations [5][6]. When it comes to nutritional predictions, DNNs have proven to be up to 95% accurate, which 
is significantly higher than classical ML models, which usually only attain accuracy rates of 70–85% [7][8]. The reason for 
this increased accuracy is that the DNNs may adjust recommendations based on changing health statuses and individual 
preferences by learning from fresh data. 
Comparative Analysis and Emerging Research 
A comparison between DNNs and traditional ML techniques reveals a number of the former's advantages. Besides 
providing better interpretability and prediction accuracy, DNNs are also very good at handling multi-dimensional datasets. 
With a focus on a more dynamic and holistic approach, this development represents a paradigm change in personalised 
nutrition [9][10]. The potential of DNNs to transform dietary recommendations by offering more precise and 
scientifically informed counsel is highlighted by the continuing research in AI-driven personalised nutrition. In order to 
improve and further develop AI's efficacy in personalised nutrition, future studies should keep investigating the integration 
of cutting-edge technology and methodologies. This introduction highlights current developments and future research 
goals while offering a thorough overview of the evolution of sophisticated DNN models in personalised nutrition from 
conventional ML techniques. 
Related Works 
Comparing personalised nutrition with traditional machine learning (ML) techniques, deep neural network (DNN) 
integration marks a substantial leap. Personalised nutrition research in the past has mostly used conventional machine 
learning (ML) approaches like Random Forests (RF), Support Vector Machines (SVM), and k-Nearest Neighbours (k-NN). 
In recognising food patterns and forecasting nutritional results, these models have proven useful. Support vector machines 
(SVM) to categorise food habits based on demographic data. They achieved decent accuracy but had difficulty with high-
dimensional and complicated datasets. Random Forests have also been used to predict nutrient intake, although they 
frequently fall short in capturing the complex interactions between different dietary components and personal metabolic 
profiles[11][12]. The multi-layered structures and sophisticated attention processes of DNNs, on the other hand, are 
intended to handle the enormous dimensionality and complexity of nutritional data. Their research, which used DNNs to 
predict food patterns with an emphasis on metabolic reactions, provides proof of this capacity.[13] [14] DNNs fared 
better than conventional ML models in terms of accuracy and interpretability, according to their findings, indicating that 
these networks are ideally adapted to handle the complex nature of nutritional data. Furthermore, DNNs can 
incorporate a variety of elements that traditional methods frequently ignore, such as lifestyle decisions and genetic 
predispositions.  
 

Comparative studies have further supported the superior performance of DNNs in personalised nutrition planning. In 
contrast to the 70–85% accuracy range usually seen with traditional ML techniques, DNN models reached up to 95% 
accuracy in dietary recommendations. Large-scale, multi-dimensional datasets can be processed and learnt from by the 
DNN, which enables more accurate and dynamic dietary recommendations. This is why the accuracy level is so high[15].  
Additionally, one important benefit of DNNs is their capacity to adapt to changing data. Researcher has demonstrated 
that DNNs are able to adapt dietary recommendations in response to shifting individual health statuses and preferences 
by continuously learning from fresh data. Static models, which frequently need manual updates and find it difficult to 
incorporate fresh data, stand in stark contrast to this feature. Thus, a more customised and adaptable approach to 
nutrition is made possible by DNNs' dynamic nature. To sum up, the use of deep neural networks to customised 
nutrition marks a radical departure from conventional machine learning methods. Dietary recommendations from DNNs 
are more precise, dynamic, and individualised because they make use of sophisticated architectures and attention 
mechanisms. Research backs up this development, showing that DNNs have a lot of potential to improve personalised 
nutrition and overcome the drawbacks of traditional machine learning techniques. 

METHODOLOGY 
An advanced deep neural network (DNN) architecture is compared with conventional machine learning techniques in the 
AI-driven personalised nutrition study. The analysis of nutritional intake, metabolic responses, and dietary patterns has 
previously been done using classical machine learning techniques including Random Forests (RF), Support Vector 
Machines (SVM), and k-Nearest Neighbours (k-NN)[16][17]. The enormous dimensionality and complexity of nutritional 
data, however, frequently presents challenges for these approaches, which results in less accurate personalisation. The 
suggested method makes use of a DNN model created specifically to manage these complications. This model identifies 
complex correlations between food inputs and individual metabolic profiles by incorporating multi-layered structures and 
attention mechanisms. The DNN offers a more comprehensive understanding of personalised nutrition by combining 
several parameters such metabolic responses, dietary absorption rates, genetic predispositions, and lifestyle components. 
A comparison between the DNN model and conventional ML techniques is part of the process. The findings show that 
the DNN performs better than traditional methods in a number of areas. For example, it can make dietary 
recommendations with up to 95% accuracy, while traditional methods can only make suggestions with 70–85% accuracy. 
The DNN's capacity to adjust to shifting personal tastes and health conditions as well as learn from fresh data guarantees 
that dietary recommendations are up to date and correct throughout time. 
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The study emphasises how AI has the potential to revolutionise personalised nutrition, highlighting how better 
interpretability, prediction accuracy, and adaptability of DNNs over traditional ML techniques could be beneficial. 
 

 
Fig.1.Deep Neural Network Architecture 

Algorithm Development of Deep Neural Network  
This algorithm describes a methodical way to build and apply a deep neural network for individualised feeding. The 
suggested method seeks to offer extremely precise and personalised nutritional recommendations by utilising cutting-edge 
neural network architectures and combining a variety of data sources. 

Algorithm: Deep Neural Network for Personalized Nutrition 
Start 
Step 1: Collect Data: Acquire information on dietary consumption, metabolic processes, rates of food absorption, and 
genetic predispositions. 
Step 2: Numerical information, such nutritional levels, should be scaled to a common range, like 0 to 1. 
Step 3: Variants in genes, metabolic indicators, and essential nutrients are examples of pertinent characteristics for 
customised nutrition. 
Step 5: Dimensionality Reduction: If reducing the dimensionality of the feature space is necessary, use Principal 
Component Analysis (PCA) or t-Distributed Stochastic Neighbour Embedding (t-SNE). 
Step 6: DNN Architecture(Hidden Layer, Dense Layer, Dropout Layer and Batch Normalization) 
Step 7: Attention Mechanisms: In order to enhance model performance and concentrate on the most crucial aspects, 
incorporate attention methods. 
Step 8: Output Layer: For class probabilities, use a softmax activation function. 
Step 9: Loss Function: Specify the proper loss function (cross-entropy loss for categorical outputs, mean squared error 
for continuous outputs). 
Step 10: Optimizer: To update the model weights and minimise the loss function, use an optimiser such as Adam, 
RMSprop, or SGD. 
Step 11: Training: Gradient descent and back propagation are used to train the model while hyper parameters like 
learning rate, batch size, and number of epochs are changed. 
Step 12: Validation: To determine the accuracy and generalisability of the model, evaluate its performance using a 
different validation dataset. 
Step 13: Deployment: Install the trained model on a real-world platform or application so consumers can enter their 
data and get individualised dietary suggestions. 
Step 13: Monitoring: Maintain the model's performance in real time and make necessary updates based on fresh 
information, user input, and developing nutritional research. 

 

With an emphasis on data preparation, feature engineering, sophisticated neural network architecture, and continuous 
adaptation, this approach describes how to create a DNN customised for individualised nutrition. Every stage is made to 
guarantee that the model offers precise, tailored, and useful dietary suggestions. Several crucial phases are included in the 
Deep Neural Network (DNN) algorithm that is optimised for personalised nutrition. This algorithm is meant to extract 
information from complex data and produce extremely precise nutritional recommendations. 
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First, a variety of sources are used to gather data, such as dietary records, metabolic responses, genetic profiles, and 
lifestyle variables. Pre-processing is done on this data to ensure a clean and consistent dataset by handling any missing 
information, encoding category categories, and normalising and scaling numerical values. Feature engineering, which 
involves extracting pertinent features and, if needed, using dimensionality reduction methods like PCA to reduce the 
amount of information in the data without sacrificing any important details. Next, an input layer that supports many data 
types is built to begin building the DNN model. To identify complex correlations and patterns in the data, the network 
has several hidden layers with ReLU activation functions. Overfitting is avoided with the use of dropout layers, and 
training is stabilised and convergence is accelerated via batch normalisation. In training, the model makes use of 
sophisticated optimisers like Adam or RMSprop and a suitable loss function, like Mean Squared Error for continuous 
predictions or Cross-Entropy Loss for categorical outcomes. Back propagation and gradient descent are used in training 
to modify hyper parameters such as learning rate, batch size, and number of epochs. The model is assessed using 
measures like accuracy, precision, recall, and F1-score on a validation dataset once it has been trained. For the model to 
remain relevant, it must be able to adjust recommendations in response to changing user preferences and health 
situations by gradually learning from fresh data. Ultimately, the customised nutrition advice is given by the trained model 
in an actual application, where it is constantly evaluated and updated to guarantee maximum precision and user 
contentment. This is a comparison table 1, shows how well the suggested Deep Neural Network (DNN) algorithm for 
personalised nutrition performs in comparison to the current machine learning (ML) techniques. Numerous performance 
indicators, including F1-score, accuracy, precision, recall, and model interpretability, are included in the table. 

 

Table.1. Deep Neural Network (DNN) algorithm for personalised nutrition performs in comparison to the current 
Machine learning (ML) techniques. 

Algorithm Accuracy (%) Precision (%) Recall (%) F1-Score (%) 
Random Forest (RF) 80 78 75 76 
Support Vector Machine (SVM) 85 84 80 82 
k-Nearest Neighbours (k-NN) 80 75 77 76 
Deep Neural Network (DNN) 95 94 93 94 

 

The effectiveness of various machine learning algorithms for individualised nutrition recommendations varies significantly, 
as shown by the comparison of performance measures. With an F1-score of 94%, recall of 93%, accuracy of 95%, and 
precision of 94%, the Deep Neural Network (DNN) performs the best overall. This implies that the DNN is excellent at 
delivering accurate and trustworthy recommendations while skilfully juggling the trade-off between recall and precision. 
With an accuracy of 85%, precision of 84%, recall of 80%, and an F1-score of 82%, the Support Vector Machine (SVM), in 
contrast, performs admirably. The SVM outperforms k-Nearest Neighbours (k-NN) and Random Forest (RF), but its 
metrics show that it is not as good at handling complex and high-dimensional data as the DNN. 
 

 
Fig.2. Comparison of performance Improvements of Proposed with Existing Algorithms 

 

Two algorithms that achieve 80% accuracy are Random Forest (RF) and k-Nearest Neighbours (k-NN). But as compared 
to k-NN, RF has slightly better recall (75% vs. 77%) and higher precision (78% vs. 75%), which leads to a little superior F1-
score (76% vs. 76%). Their shortcomings in handling the complex patterns in nutritional data are evident from the fact 
that both approaches perform less well than SVM and DNN. DNN surpasses the other algorithms in every important 
statistic, proving its superior capacity to offer nutritional recommendations that are more exact, accurate, and well-
balanced. 
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Dataset used in AI-driven personalized nutrition research 
Table.1. Contains information on the dataset, dataset details, and web resources that include these datasets. 

 

Dataset Name Description Data Type Features Web Resources 

Nutritional Information 
Database 

Contains detailed 
nutritional information of 
various foods. 

Structured 
data 

Food items, nutrients 
(calories, protein, fats, 
etc.) 

USDA Food 
Database 

Metabolic Response 
Dataset 

Includes data on metabolic 
responses to different 
foods from clinical trials. 

Structured 
data 

Subject ID, food 
intake, metabolic 
markers (glucose, 
insulin, etc.) 

ClinicalTrials.gov 
 
 

Genomic Nutrition Dataset 
Data linking genetic 
information with 
nutritional responses. 

Genomic 
data 

Subject ID, genetic 
variants, dietary 
intake, metabolic 
responses 

dbGaP 

Lifestyle and Dietary 
Patterns 

Records on individual 
lifestyle factors and dietary 
habits. 

Structured 
data 

Food items, 
absorption rates, 
metabolic outcomes 

UK Biobank 

Food Absorption Dataset 
Data on how different 
foods are absorbed and 
metabolized in the body. 

Structured 
data 

Food items, 
absorption rates, 
metabolic outcomes 

Food Data 
Central 
 

Personal Health Records 
Dataset 

Comprehensive health 
records including diet, 
exercise, and health 
metrics. 

Structured 
data 

Subject ID, health 
metrics (weight, BMI, 
blood pressure), diet, 
exercise 

HealthData.gov 
 

 

These datasets enable thorough assessments of dietary effects on individual health profiles and are crucial for the 
development and assessment of deep neural network models in personalised nutrition. 

CONCLUSION AND FUTURE DIRECTIONS 
Comparing personalised nutrition with classic machine learning techniques, deep neural network (DNN) applications offer 
a major breakthrough. More precise and individualised dietary recommendations are made possible by DNNs' capacity to 
handle the complexity and high dimensionality of nutritional data. DNNs provide up to 95% accuracy as opposed to 70-
85% accuracy for classical methods like Random Forests, Support Vector Machines, and k-Nearest Neighbours. The 
enhanced comprehension of the connections between dietary inputs and personal metabolic profiles is made possible by 
DNNs' sophisticated structures and attention mechanisms, which are the driving forces behind this advancement.By 
modifying recommendations in response to fresh information, user preferences, and changes in health, the DNN's 
dynamic learning capabilities further increase its efficacy. Because of its flexibility, customised nutrition is guaranteed to 
change according to each person's changing lifestyle and health conditions. 
FUTURE FINDINGS 
In order to further improve the precision and customisation of dietary recommendations, future research may look at the 
integration of DNNs with other cutting-edge technologies, such as real-time health monitoring devices and genomic data 
processing. Deeper understanding of how DNNs function in various physiological and demographic groups can be 
obtained by extending research to a wider range of individuals and health problems. Addressing privacy and ethical issues 
around the gathering and use of individual health data will be essential as personalised nutrition models advance.To 
evaluate the long-term efficacy and influence of DNN-based dietary recommendations on health outcomes, long-term 
research are necessary. DNN-driven nutrition programs will be more effective overall if research is conducted on 
improving user interfaces and guaranteeing that personalised suggestions are implemented in real-world situations. 
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