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A B S T R A C T

Obesity is a chronic disease correlated with numerous risk factors that not only negatively affect all body 
functions but also increase the chances of developing chronic diseases and the associated morbidity and mortality 
rates. This study proposes a novel system that bridges the gap between healthcare providers and patients by 
offering both parties some tools for navigating the intricacies of dietary planning. In this system, machine 
learning techniques are used to determine the required calories before starting an obesity treatment. A hybrid 
precision model with minimal parameters is also developed to estimate the appropriate number of calories for 
losing weight and to formulate a healthy diet plan. A real dataset of 15 anthropometric measurements is analyzed 
using SVR, LR, and DTR regression models, and all the data are preprocessed before analysis to enhance model 
performance. Results show that the required calories can be estimated with a high correlation (R = 0.985) from 
independent measurements. The proposed model also calculates the healthy daily percentages of fats, proteins, 
and carbohydrates based on a knowledge base of medical rules and functions, thus facilitating the sequential 
treatment of obese patients. In sum, this study applies different models to design a practical, cost-effective 
approach for accurately determining the required calories and formulating valuable diet plans for obesity 
treatment and management.

1. Introduction

Obesity is characterized by the abnormal or excessive accumulation 
of body fat, which can negatively affect health (WHO 2000). The 
physical accumulation of fat and adipocyte dysfunction can lead to 
metabolic alterations and increased susceptibility to chronic illnesses 
followed by cancer [1]. The body mass index (BMI), a measure derived 
from an individual’s weight and height, is frequently employed to di
agnose obesity among adults [1]. As efforts to promote healthy weight 
management, nutritious dietary habits, and adult obesity prevention 
gain traction, accurate calorie estimation in food items has become 
increasingly crucial. The primary driver of obesity stems from an 
imbalance between the caloric intake from one’s diet and the energy 
expended through the body’s metabolic processes [2]. Excessive calorie 
consumption can produce detrimental effects and increase an 

individual’s susceptibility to various diseases, including cancer [1]. 
Nutritionists advocate for maintaining a balanced caloric intake, which 
contributes to one’s overall well-being regardless of his/her weight 
status [2]. There has also been a surge in technological advancements in 
response to these concerns [3].

Obesity is a chronic and multidimensional health concern that ne
cessitates a comprehensive and multidisciplinary approach spanning 
several domains, such as geriatrics, fitness, sports medicine, and psy
chiatry. However, the existing definitions of obesity often fail to capture 
its intricate nature. Empirical evidence suggests that naturally reversing 
obesity poses significant challenges and is associated with elevated 
mortality risks [4]. While genetic and gene-regulatory factors play a 
role, obesity primarily stems from lifestyle choices, such as excessive 
caloric intake and inadequate physical activity [5], hence underscoring 
the importance of obesity prevention and intervention across all life 
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stages even though such efforts may be arduous. A cure for the onset of 
obesity is yet to be defined, and an individual’s past weight history does 
not reliably predict his/her future tendencies for weight gain [4]. The 
“100 Million Health” survey conducted in Egypt in 2019, which 
involved 49.7 million adult Egyptians aged 18 years and above, revealed 
that the prevalence of obesity in the country stood at 39.8 % (BMI ≥30 
kg/m2). This condition was most prevalent among adult females, with 
49.5 % of Egyptian adult women classified as obese compared with 29.5 
% of their male counterparts [6].

This study aims to develop different machine learning models that 
can help improve calorie predictions for obesity treatment. These 
models can identify patterns and relationships that may be overlooked 
by human experts, thus reducing bias in calorie estimations and leading 
to qualified nutrition. Maintaining a nutritious diet routine plays a key 
part in mitigating the risk of developing significant health issues, such as 
cardiovascular disorders, strokes, cancers, and diabetes. BMI offers a 
straightforward and accessible metric for estimating body fat levels. 
However, BMI calculations only account for height and weight data and 
disregard other vital aspects, such as body composition, muscle mass 
distribution, and fat storage patterns [4]. Due to this limitation, people 
with substantial muscle bulk or high bone density may exhibit an 
elevated BMI despite having an acceptable adipose tissue proportion.

The proposed system motivates patients to address their obesity by 
promoting their interest in nutritious daily practices in a new fashion. 
Unlike existing methods, this system gathers and analyzes data that 
capture complex relationships between various factors and required 
calories while considering multiple obesity-related factors by using non- 
linear models, such as support vector regression (SVR) and decision tree 
regression (DTR). In other words, this system offers an improved strat
egy for solving obesity without compromising one’s health.

In addition to standard measures, such as weight, height, and BMI, 
the proposed system incorporates nuanced measurements, such as 
muscle mass, body fat percentage, visceral fat, basal metabolic rate 
(BMR), and total body water (TBW), to provide a comprehensive view of 
an individual’s metabolic profile and to offer personalized health rec
ommendations. Unlike conventional obesity management methods, the 
proposed system adopts an inclusive methodology.

The key contributions of this research are summarized as follows: 

• Developed a hybrid approach that combines data-driven methods 
with expert knowledge-based systems.

• Trained a precise calorie calculation model on a real dataset to es
timate the required calories for weight loss.

• Applied data visualization and preprocessing techniques improve the 
accuracy and efficiency of the hybrid model.

• Applied different machine-learning techniques to improve the con
fidence of the regression model.

• Ensured the validity of the rule-based system by medical expert test 
verifies its results.

• Generated personalized nutritional recommendations based on in
dividual characteristics, such as metabolic differences and body 
composition, to promote healthy eating habits.

The rest of this paper is organized as follows. Studies related to the 
proposed model are summarized in Section 2. The methodology of the 
hybrid model is presented along with a description of the dataset and the 
model components in Section 3. The visualization process and an eval
uation of the proposed model are presented in Section 4. The conclu
sions and recommendations for future work are presented in Section 5.

2. Literature review

To describe the goal of this study and ensure that readers can derive 
value from our work, we explore the state-of-the-art related to our 
research domain and review the existing literature. This section presents 
a detailed examination of previous studies that have developed effective 

methodological approaches and strategies for obesity diagnosis.
Lingren et al. [7] developed an accurate phenotypic model for 

childhood obesity diagnosis. They employed machine learning tech
niques to obtain unique feature set identifiers from the Unified Medical 
Language System, ICD-9 codes, and RxNorm codes extracted from 
electronic health records (EHRs). Rios-Julian et al. [8] identified over
weight and obese children in Guerrero, Mexico and found that a feature 
set that encompasses various anthropometric variables and skinfold 
thickness measurements can effectively diagnose obesity. Both of these 
studies utilized EHR data and anthropometric measures, such as BMI, 
waist circumference, and skinfold thickness. Fergus et al. [9] classified 
different physical activities, such as drawing, free play, jogging, and 
walking, and used artificial neural networks, accelerometer data from 
ActiGraph devices, and trained observer recordings to classify children’s 
activities accurately. Overall, these studies [7–9] demonstrate the use of 
diverse data sources and machine learning models to diagnose obesity 
and classify physical activity among children, which falls outside our 
target community’s scope.

We now discuss the role of artificial intelligence in forecasting 
obesity among adults. In their systematic review, Simmonds et al. [10] 
explored the relationship between BMI and the metrics for assessing 
childhood obesity and their capacity to forecast obesity among adults. 
Their findings reinforced the notion that obesity during adolescence 
represents a significant public health issue as it often persists into 
adulthood. Siqueira et al. [11] recently examined the possible associa
tion between obesity and COVID-19. They examined various factors, 
such as hospitalization rates, diagnosis and recovery outcomes, and 
mortality rates, and unveiled a substantial link between BMI values 
surpassing 30 kg/m2 and adverse COVID-19 outcomes. These findings 
underscore the importance of recognizing obesity as a risk factor for 
unfavorable prognoses in individuals afflicted with COVID-19. Singh 
and Tawfik [12] used data from the Millennium Cohort Study to forecast 
the BMI of teenagers based on their previous BMI values. Several 
regression methods, including artificial neural network models, were 
also assessed, yielding promising results with a prediction accuracy 
exceeding 90 %. Selya and Anschutz [13] used machine learning ap
proaches, namely, support vector machines (SVM) and neural networks, 
along with activity variables to predict obesity status and achieved a 61 
% accuracy. Uçar et al. [14] determined body fat percentage (BFP) using 
a hybrid machine learning approach with minimal parameters and a real 
dataset consisting of 13 anthropometric measurements. They extracted a 
feature set using feature selection algorithms, such as PCA, and devel
oped hybrid regression models: decision tree (DT), multilayered feed
forward neural network, and SVM. Results show that BFP can be 
predicted with a correlation value of R = 0.79. Sun et al. [15] applied 
regression models to model obesity rate among adults at the local scale. 
Ferenci and Kovács [16] developed regression models using anthropo
metric measurements and laboratory data to predict BFP and used ma
chine learning techniques to compute the required caloric intake.

Lee and Chun [17] proposed a methodology based on machine 
learning techniques for investigating those complex factors contributing 
to overweight and obesity among Korean adolescents. Their model 
achieved an accuracy of 0.8403 using the XGBoost algorithm. However, 
they could not determine the relationship between the input features 
and the outcome, and the limited measurement parameters in their 
dataset indicate that some potential risk factors may have been missed, 
thus affecting their obesity prediction outcomes. Calderón-Díaz et al. 
[18] proposed a methodology for classifying young Chileans with 
varying weight statuses based on 13 biochemical variables and achieved 
promising results. However, some limitations or gaps may be present in 
the correlation between bilirubin and other related conditions. Maha
patra and Singh [19] predicted the causes of obesity in India by using 
supervised learning approaches and collecting data on various 
obesity-related parameters from 550 Indians. However, some clinical 
parameters have a limited capability for predicting obesity. Anisat et al. 
[20] proposed an obesity prediction methodology based on machine 
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learning techniques. The XGBoost classifier achieved a promising ac
curacy of 99.05 %, followed by SVM learning. However, the generaliz
ability of their methodology to other healthcare settings warrants 
further research.

Based on the above review, we have innovated a hybrid model that 
can help physicians in treating obesity. Traditional methods for pre
dicting burned calories typically involve formulas and general guide
lines based on an individual’s height, weight, activity level, age, and 
weight loss goals [21–24]. While these methods can provide a rough 
estimate, they often lack personalization and may not consider indi
vidual variations in metabolism, body composition, and lifestyle. 
Consequently, their nutrition recommendations may lack precision and 
fail to contribute to individuals’ weight loss progression.

Using regression machine learning models for calorie estimation 
offers several benefits [16]. For instance, these algorithmic techniques 
can analyze extensive datasets while accounting for a broad spectrum of 
factors, hence providing a personalized approach for calorie estimation 
that is meticulously tailored to individuals’ unique characteristics and 
specific requirements.

Fig. 1 illustrates the research workflow and describes how machine 
learning algorithms estimate the required calories to lose weight based 
on the available anthropometric measurements. We used raw datasets, 
preprocessing techniques, and state-of-the-art supervised machine 
learning algorithms to develop a system for accurately predicting 
obesity risk. We preprocessed all our data to enhance the system’s 
precision. Through rigorous analysis and evaluation, we identified the 
most effective algorithms for calorie estimation based on the measure
ments applicable to the related domain.

Our proposed system significantly contributes to obesity prediction 
and calorie estimation and distinguishes itself from prior research in 
several key aspects. First, we adopt a hybrid artificial-intelligence-based 
model to accurately estimate the calories needed to achieve a specific 
weight loss rate based on machine learning techniques.

Second, we propose a rule-based system that calculates the daily 
nutrition quantities the body needs. This recommendation system aims 
to minimize the calculations needed to estimate daily nutrition intake. 
This system can also adapt to data patterns that may not be immediately 
apparent to reduce complexity and potential errors while enhancing 
efficiency.

Third, our model uses sophisticated data preprocessing techniques to 
selectively incorporate only the most pertinent features from the avail
able anthropometric measurements. This strategic approach enhances 
prediction accuracy and reduces the overall data collection and analysis 
cost, thereby rendering our model practical and economical.

Lastly, our proposed recommendation model for determining the 
optimal distribution of nutrition from carbohydrates, proteins, and fats 
is grounded in rule-based reasoning. This unique methodology generates 

intuitive and interpretable recommendations that allow people to make 
informed dietary choices that are aligned with their weight loss objec
tives. Evaluation results from medical experts reveal that this model can 
be generalized across different populations. These pioneering elements 
make our study a significant advancement in obesity prediction and 
calorie estimation.

3. Proposed methodology

This section illustrates the methodology adopted in our proposed 
calorie prediction/nutrition recommendation system. This system con
siders various patient features, including gender, age, weight, height, 
muscle composition, BFP, BMI, visceral fat, TBW, BMR, fitness score, 
and level of physical activity, to determine their total daily caloric needs 
for weight loss. A real dataset of 1000 individual medical records were 
utilized in the learning model. Several hybrid learning models were also 
developed, such as linear regression (LR), whose simple structure pro
vides interpretable results for the linear relationship between features 
and target output [25], SVR, which can handle the linear and nonlinear 
relationships among the features, output, and outliers [26], and DTR, a 
single and hybrid model that has innate interpretability [27] and can 
capture complex decision boundaries and feature interactions. These 
models were also compared to determine which of them achieves the 
highest accuracy in predicting the needed nutrients based on the user’s 
measurements. The predicted required calorie regression value was then 
used to formulate a healthy diet plan through the recommender model, 
which follows a set of rules to calculate the percentage of fats, proteins, 
and carbohydrates needed in daily meals. Fig. 1 presents Dietitian, the 
proposed hybrid model for formulating healthy diet plans.

The first model is an obesity prediction module that predicts the 
needed calories to lose weight, while the second model is a recom
mender module, an expert system that infers the healthy daily quantity 
of nutrients, such as fats, proteins, and carbohydrates, based on the 
regressed estimated calories.

Dietitian aims to help obese patients develop a balanced, healthy diet 
plan to lose weight and improve their health status. Dietitian also helps 
physicians calculate the required calories for their patients to lose 
weight based on machine learning models. In sum, this model plans a 
healthy daily diet based on an expert system that determines the body’s 
needs for nutrition (distributed as proteins, fat, and carbohydrates) to 
support its internal fat-burning system. However, the expert system does 
not specifically tailor recommendations for weight loss or obesity con
trol based on the user’s preferences.

3.1. Dataset description

Our model employs a real dataset from Mansoura University Hospital 

Fig. 1. Proposed framework for the hybrid model (Dietitian).
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in Egypt. Data from the EHR of 1000 diagnosed obese patients were 
collected, with each record comprising 15 features. Our dataset included 
the demographics and anthropometric measurements of patients aged 
from 12 to 67 years, with 65 % females and 35 % males. This dataset also 
contained the most relevant clinical features for the diagnosis. Table 1
provides a comprehensive overview of the dataset and its features. Data 
collection and representation are vital for performing quantitative risk 
analysis and formulating effective management plans. We used a set of 
12 body measurements (gender, age, weight, height, muscle, fat, BMI, 
TBW, visceral fat, BMR, fitness score, and physical activity) as input 
features and the calorie feature is the output. The normal scales of these 
features are listed in Table 1. We chose these measurements due to their 
potential effects on calorie prediction. Specifically, gender affects calo
rie needs due to differences in body composition, with males requiring 
more calories than females [28]. Younger individuals often require more 
calories for growth [28]. While weight and height are considered pri
mary factors in determining calorie needs, BMI alone is insufficient due 
to its inability to distinguish between muscle and fat [4]. Higher muscle 
mass generally leads to higher calorie needs by increasing the number of 
calories burned [28], whereas a higher body fat percentage may indicate 
lower calorie needs. TBW indicates an individual’s hydration status, 
which may influence his/her body processes [28]. Visceral fat refers to 
fat stored around organs, with high levels affecting calorie needs [29]. 
BMR denotes the number of calories burned at rest, which is important 
in estimating daily calorie needs [29]. Fitness scores and physical ac
tivity can influence one’s calorie needs, especially at higher levels [29]. 
Machine learning models can identify the complex interactions among 
these variables that traditional methods cannot observe.

3.2. Data preprocessing

The dataset was structured as a data matrix, with each row repre
senting a patient case and each column representing predictor features. 
The accuracy of diagnosis outcomes heavily relies on the quality of the 
data. Therefore, preprocessing the dataset is crucial to address issues 
commonly found in medical data, such as noise, missing data, and 
redundancy.

3.2.1. Anonymization, UoM, and normalization
To ensure privacy, we conducted anonymization to eliminate 

patient-identifying data, such as names, addresses, and ID numbers. In 
Table 1, we selected a unified unit of measurement (UoM) for each 
feature and converted all feature values into this standard unit using a 
standard scaler. We managed the variations in these UoMs by using 
union units for each. We then integrated our data to minimize redun
dancy and inconsistency in our final dataset. We adopted a manual 
approach for the schema integration, where we assigned an attribute ID 
to each patient.

We also interviewed some nutritionists to determine the system re
quirements. The expertise of these nutritionists significantly contributed 
to the data collection and description in all development processes.

3.2.2. Data encoding
Our dataset includes categorical features, such as gender and phys

ical activity, which were converted into numeric values to enable the 
machine learning models to operate effectively on the data. Before 
encoding, we transformed the non-numeric data into a numeric format. 
Table 2 presents the process of discretizing continuous numerical vari
ables into categorical features, which enhances computational efficiency 
and promotes compatibility across different analytical platforms. We 
asked a medical domain expert to strategically categorize each anthro
pometric parameter as vector dimensions to reflect its unique distribu
tion patterns while considering gender-specific and age-related 
variations in normal ranges and clinical significance. Each feature is 
categorized by multiple components. Such as, muscle mass has four 
categories (low, normal, high, very high); fat percentage has four cate
gories (underfat, healthy, overfat, obesity); BMI has five categories 
(underweight, normal, overweight, obese, Ex obese); TBW has three 
categories (low, normal, high); visceral fat has categories (normal, high, 
very high); and BMR is segmented into low, average, high along with 
gender and age group. This vectorized approach enables precise com
parisons and analysis across demographic groups.

We applied data encoding to streamline data retrieval and pre
processing for machine learning regression tasks. This approach also 
enhances the model’s performance and interpretability while facili
tating an efficient data integration from diverse sources.

3.2.3. Missing values and feature selection
Missing or unknown values are common in practical medical data. 

For instance, certain anthropometric measurements may be unavailable 
due to limitations in healthcare facilities, judgment by physicians, or 
cost considerations. These missing data should be addressed during the 
model learning process. In our study, all patient cases had less than 25 % 
missing values, and any features in the dataset with 25 % or more 
missing values were excluded from the analysis. Among the 15 features 
mentioned in Table 1, two features, namely, residence and job, were 
excluded due to their high amount of missing data. We employed the hot 
deck imputation method to handle these missing values, where we 
replaced each missing value with an observed value of a similar unit 
within the same dataset (“donor”). This approach aids in preserving the 
integrity and comprehensiveness of the data and in ensuring accurate 
and dependable analytical outcomes [30]. We used the heterogeneous 
Euclidean-overlap metric (HEOM) as our similarity criterion [30]. The 
HEOM distance between two sample cases is computed as follows:

d
(
xi, xj

)
=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

z=1 dz
(
xiz, xjz

)2
√

, where d
(
xi, xj

)
is the distance be

Table 1 
Obesity related features, (data type: N= Numerical, C=Categorical, O=Ordinal).

Feature type name Data type UoM Normal range Min-Mean-Max F. No.

Demographic Data Residence Qualitative/C – {rural, urban} – 1
Job Qualitative/C – {teacher, engineer} – 2
Gender Qualitative/C Female/Male 0,1 – 3
Age Qualitative/N – 16–67 16, 35.43, 67 4

Anthropometric Measurements Weight Quantitative/N Kg 46.9–164.9 46.9, 99.13, 164.9 5
Height Quantitative/N Cm 149–185.3 149, 165, 185.3 6
Muscle Quantitative/N Kg 12–87.73 12, 50.14, 87.73 7
Fat Quantitative/N cm2 0.51–77.17 0.51, 44.78, 77.17 8
BMI Quantitative/N kg/m2 12–52 12, 36.16, 52 9
TBW Quantitative/N L 12–63.4 12, 39.46, 63.4 10
Visceral fat Quantitative/N cm2 1–32.9 1, 16.12, 32.9 11
BMR Quantitative/N Cal/day 12–2708 12,1629.7, 2708 12
Fitness score Quantitative/N – 12–65 12, 39.49, 65 13
Physical activity Qualitative/O Active/moderate/slightly/sedentary 1,2,3,4 – 14

Decision Calories Quantitative/N Kcal 1000–1774 1000, 1405, 1774 15
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tween the xi and xj of two sample cases on the n th attribute.
Understanding the nature of the association among variables is 

crucial for generating precise interpretations and predictions across 
various domains, including statistics, data analysis, and machine 
learning [31]. We used the Spearman correlation coefficient as our 
feature selection algorithm to assess the strength and directionality of 
the relationships among our variables [32]. These coefficients can offer 
valuable insights into the intensity and directionality of the relationship 
among the variables present in a dataset. Fig. 2 presents a correlation 
matrix that offers a compact and visual representation of the de
pendencies among our variables.

The above matrix facilitates the identification of the highly corre
lated variables that may be redundant or multicollinear, which can 
adversely impact the performance of our model. For instance, the strong 
positive correlations among weight, muscle, fat, BMI, visceral fat, and 
BMR may suggest that heavier patients typically have higher values for 
these related variables. This matrix also reveals the nature of the rela
tionship (linear/nonlinear) between the variables and the target, hence 
informing our selection of appropriate models.

Fig. 2 shows that gender negatively correlates with most of the other 
variables, thereby suggesting that males tend to have higher values for 
these variables than females. Meanwhile, age has a weak positive cor
relation with most variables, indicating a slight tendency for these 
variables to increase with age. TBW negatively correlates with fat, BMI, 
and visceral fat, which aligns with the expectation that individuals with 
higher fat levels tend to have lower TBW. Calorie shows moderate to 
strong positive correlations with weight, muscle, fat, BMI, visceral fat, 
and BMR, thereby suggesting that individuals with higher values for 

these variables tend to require more calories.
Apart from highlighting the importance of each variable, the above 

correlation matrix also plays an important role in distinguishing linear 
and nonlinear associations when analyzing data and building predictive 
models.

The linear association model assumes a straight-line relationship 
between the predictor and the response variable. By contrast, nonlinear 
regression models or machine learning algorithms are used when the 
relationship is nonlinear [25]. Fig. 3 visualizes the linear associations 
between calorie and various anthropometric and body composition 
variables. The positive slopes of the regression lines indicate that as the 
values of the independent variables (muscle, fat, BMI, TBW, and visceral 
fat) increase, the predicted calorie requirements also increase.

Fig. 3 presents the measured degree of linear association between the 
measurement features and calories, which is non-zero. We observe some 
positive linear relationships, such as higher muscle mass being associ
ated with higher calorie requirements. Individuals with higher fat con
tent also tend to require more calories, those with higher BMI values 
require more calories, and those with higher visceral fat levels have 
higher calorie needs. We also observe a negative linear relationship 
between some variables. For instance, those individuals with higher 
TBW tend to have lower calorie requirements. Some features show a 
weak or nonlinear association with the target output as reflected in their 
correlation coefficient (R) being close to zero, and such relationship 
cannot be accurately represented by a straight line. For example, age, 
BMR, and calories may exhibit a nonlinear association with one another.

Table 2 
Feature distribution sets.

Feature Distribution sets

Muscle Gender Age Low Normal High very high
Female 18–40 <24.4 24.4–30.2 30.3–35.2 ≥35.3

41–60 <24.2 24.2–30.3 30.4–35.3 ≥35.4
61–80 <24.0 24.0–29.8 29.9–34.8 ≥34.9

Male 18–40 <33.4 33.4–39.4 39.5–44.1 ≥44.2
41–60 <33.2 33.2–39.2 39.3–43.9 ≥44.0
61–80 <33.0 33.0–38.7 38.8–43.4 ≥43.5

Fat Gender age under fat healthy Overfat Obesity
Female 18 1–16 17–30 31–35 36–50

19 1–18 19–31 32–36 37–50
20–39 1–20 21–32 33–38 39–50
40–59 1–22 23–33 34–39 40–50
60 1–23 24–35 36–41 42–50

Male 18 1–9 10–19 20–23 24–50
19 1–8 9–19 20–23 24–50
20–39 1–7 8–19 20–24 25–50
40–59 1–10 11–21 22–27 28–50
60 1–12 13–21 22–29 30–50

BMI Gender Underweight Normal Overweight Obese Ex obese
Female <18.5 18.5–24.9 25–29.9 30–34.9 35<
Male <18.5 18.5–24.9 25–29.9 30–34.9 35<

TBW Gender Low Normal High ​ ​
Female 40 44 45–59 60–70 ​ ​
Male 40–49 50–64 65–70 ​ ​

Visceral fat Gender Normal High Very high ​ ​
Female 1–9 10–14 15–30 ​ ​
Male 1–9 10–14 15–30 ​ ​

BMR Gender Age Low Average High ​
Female 16–19 1200–1500 1501–1800 1801–2100 ​

20–29 1300–1600 1601–1900 1901–2200 ​
30–39 1200–1500 1501–1800 1801–2100 ​
40–49 1100–1400 1401–1700 1701–2000 ​
50–59 1000–1300 1301–1600 1601–1900 ​
60< 900–1200 1201–1500 1501–1800 ​

Male 16–19 1400–1700 1701–2000 2001–2300 ​
20–29 1500–1800 1801–2100 2101–2400 ​
30–39 1400–1700 1701–2000 2001–2300 ​
40–49 1300–1600 1601–1900 1901–2200 ​
50–59 1200–1500 1501–1800 1801–2100 ​
60< 1100–1400 1401–1700 1701–2000 ​
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3.3. Required calorie value prediction module

We employed SVR [26], DTR [27], and LR [25] as machine learning 
algorithms. Each of these algorithms was utilized as an independent 
predictive model and implemented in hybrid structures (Table 3).

We selected these algorithms for several reasons. First, SVR, DTR, 
and LR are known for their high accuracy rates and short learning time 
[33,34], hence attracting wide usage in the literature [35,36]. We 
constructed a hybrid model in the form of ensemble learning, which 
generates improved predictions by leveraging the strength of multiple 
models. Due to its simple interpretation and effectiveness, we used the 
average method to calculate the regression output of this hybrid model. 
For example, in the case of SVR and DT hybrid models, the 
decision-making process should consider the consensus of one or both 
models. If SVR generates an output of 20 while DT produces an output of 

10 for a specific data point, then the SVR + DT hybrid model would yield 
an output of (20 + 10)/2 = 15. We calculated and adopted the average 
output as the output of the new hybrid model. After processing all data 
points, we recalculated the performance evaluation criteria using the 
reference values. We divided the dataset comprising 1000 data points 
for the machine learning module into 70 % for training and 30 % for 
testing.

3.3.1. SVR regression
SVR operates based on the principles of an SVM with some minor 

distinctions. This algorithm aims to find a curve that best fits the given 
data points. However, as a regression algorithm, SVR seeks to fit the 
curve within a hyperplane, allowing it to pass over the dataset. Support 
vectors are vital in determining the closest match between the data 
points and the function used to represent them. The choice of a sigmoid 
Kernel function, its parameters, and any necessary regularization is 
essential for the SVR algorithm to produce accurate results [26].

3.3.2. DTR regression
DTR is a supervised machine learning algorithm for predicting 

continuous numerical values. This algorithm is based on a hierarchical 
structure comprising roots, branches, nodes, and leaves. When con
structing the tree, each attribute is linked to a node, while the branches 

Fig. 2. Measurement features correlation matrix.

Fig. 3. Linear association between features and target output.

Table 3 
Individual and hybrid models.

Individual models Hybrid models

1 SVR 4 SVR + DTR
2 DTR 5 SVR + LR
3 LR 6 SVR + LR + DTR
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allow information to flow throughout the tree. Decisions are made at 
each node, and the ultimate decision is reached at the final leaf node 
[27]. DTR has been widely used in the literature due to its simplicity, 
interpretability, and ability to handle nonlinear relationships in the 
data.

3.3.3. LR regression
LR is used to predict the value of a dependent variable (calories) 

based on a given set of independent variables (input features). This al
gorithm establishes a linear relationship between the input and output 
using the following function: Y = θ0 + θ1X. The primary goal of this 
algorithm is to find the optimal line that best predicts the value of Y for a 
given value of X. The model achieves the best regression fit line by 
determining the most suitable values for θi [25].

3.4. Recommender module

The recommender module is an expert system that is based on 
specialized medical and mathematical functions to mimic physicians’ 
decision-making processes. This module uses mathematical functions 
and algorithms to calculate the recommended healthy fats, proteins, and 
carbohydrates that the human body needs every day.

We used equations (6)–(8) to calculate protein, carbohydrates, and 
fat, respectively, when the current weight value is outside the minimum 
and maximum values obtained using the required calorie value pre
dicted by the machine model and equation (2). We asked a medical 
expert to document and revise all previous equations, which were used 
by the proposed system to generate personalized recommendations for 
calorie intake and for determining the optimal balance of protein, car
bohydrates, and fat in the user’s diet based on his/her characteristics 
and the burned calories estimated from the machine learning model.

This recommender module incorporates a medical domain knowl
edge base that comprises medical rules, facts, and mathematical func
tions (Table 4), hence offering an expert medical understanding of 
nutritional needs and health guidelines. This approach allows the system 
to account for individual variations in metabolism and body composi
tion, adapt its recommendations based on the user’s health status 
(inferred from his/her in-body measurements), provide scientifically 
grounded advice that incorporates clinical expertise, and offer specific, 
actionable dietary guidelines in terms of total calories and macronu
trient balance.

Table 4 presents a set of mathematical functions employed in the 

proposed system to calculate various quantities related to body weight, 
ideal weight ranges, and recommended daily protein, carbohydrates, 
and fat intake. Equation (1) calculates the ideal body weight (IBW) 
based on an individual’s height. Specifically, 100 is subtracted from the 
height in centimeters, and then the optimal weight for that specific 
height is estimated. Equations (2) and (3) determine the adjusted body 
weight (ABW) for males and females, respectively, while factoring in the 
individual’s current weight and the IBW obtained from equation (1). The 
ABW for males and females is derived by taking 32 % and 38 % of the 
difference between their current weight and IBW and adding the dif
ference to their IBW, respectively. Equations (4) and (5) define the lower 
and upper boundaries of the ideal weight range, respectively. The 
minimum value is obtained by subtracting 30 % of the IBW from the IBW 
itself, while the maximum value is calculated by adding 30 % of the IBW 
to the IBW itself. Equation (6) calculates the recommended daily protein 
intake when the individual’s current weight falls within the ideal weight 
range defined by equations (4) and (5). This equation multiplies the IBW 
by 1.5, multiplies the result by 4 (assuming 4 calories per gram of pro
tein), and divides the result by the predicted calorie requirement from 
the machine learning model. The quotient is then multiplied by 100 to 
obtain the percentage of protein needed daily. Equation (7) calculates 
the recommended daily carbohydrate intake based on the predicted 
calorie requirement from the machine learning model. This equation 
assumes that 60 % of the total daily calories consumed should come 
from carbohydrates. Equation (8) calculates the recommended daily fat 
intake based on the predicted calorie requirement from the machine 
learning model and the protein percentage calculated in equation (6). 
This equation initially subtracts the sum of the protein percentage and 
60 % (representing the carbohydrate percentage) from 100 % and then 
multiplies the remaining percentage by the predicted calorie 
requirement.

4. Performance evaluation criteria

We implemented our performance criteria as follows. First, we used 
70 % of the current dataset to train the machine learning algorithms and 
the remaining 30 % to test the performance of the model. Second, we 
calculated the performance criteria by comparing the model’s predicted 
responses (yi) with the actual responses (ti). Third, we used six perfor
mance evaluation criteria to assess the six regression models. These 
criteria include root mean square error (RMSE), mean absolute error 
(MAE), standard error (SH), correlation coefficient (R), explanatory 
coefficient (R2), and mean squared error (MSE). Table 5 presents the 
performance evaluation results.

The RMSE represents the square root of MSE (RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1 e2
i

√

), 
MAE measures the variation between the actual and predicted values 
(MAE = 1

n
∑n

i=1
⃒
⃒ti − yi

⃒
⃒), and SH is a standard deviation whose reduc

tion corresponds to an increase in system reliability (SH =

̅̅̅̅̅̅̅̅̅̅̅̅̅∑n
i=1

e2
i

n− 2

√

). 

The Pearson correlation coefficient (r) is computed as =

Table 4 
Used mathematical equations & their function.

Function Mathematical equation Eq. 
no.

calculate IBW (Ideal Body Weight) by using 
the height entered by the user [4]

IBW= Height-100 (1)

calculate ABW (Adjusted Body Weight) for 
males by using the Weight entered by user 
and eq. (1) [37]

ABW = [(Current Weight- 
IBW)* 0.32]+IBW

(2)

calculate ABW (Adjusted Body Weight) for 
females by using Weight entered by user 
and eq. (1) [37]

ABW = [(Current Weight- 
IBW)*0.38]+IBW

(3)

calculate the minimum value of the ideal 
zone [37]

Minimum value = IBW- 
(30/100 * IBW)

(4)

calculate the maximum value of the ideal 
zone [37]

Maximum value = IBW+

(30/100 *IBW)
(5)

calculate protein [37] when the value of 
current weight is greater than the minimum 
value and less than the maximum value 
using calorie predicted by machine model 
and eq. (1)

Protein = (((IBW*1.5)*4)/ 
calorie)*100

(6)

calculate carbohydrates using calories 
predicted by machine model [38]

CHO = (60/100)*Calorie (7)

calculating fat [38] using predicted calorie 
value by machine learning model and eq. 
(6)

Fat = ((100 - (Protein 
+60))/100) * Calorie

(8)

Table 5 
Machine learning models performance evaluation.

Model Performance evaluation criteria

RMSE MAE SH R R2 MSE

SVR 178.44 151.84 0.128 0.2215 0.0491 31842.4
DTR 30.97 3.28 0.022 0.9856 0.9714 959.2
LR 140.5 110.13 0.100 0.64 0.41 19740.74
SVR + DTR 91.15 77.56 0.065 0.8671 0.7519 8308.79
SVR + LR 150.05 127.80 0.107 0.5724 0.3277 22514.198
SVR + DTR +

LR
100.97 86.297 0.072 0.834 0.6956 10194.55
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∑
(xi − x)(yi − y)̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
(xi − x)2

∑
(yi − y)

2
√ , R2 defines the share of change by the regression 

model, and MSE is defined as the average of the squares of errors 
(MSE = 1

n
∑n

i=1 e2
i ) [32].

We then calculated the required calories by using a real dataset with 
a high accuracy rate and six machine learning methods and then 
determined the performance evaluation criteria for each model. These 
models may differ in their performance for the same dataset (Table 5), 
and such difference can positively and negatively describe the perfor
mance of single and hybrid models. Fig. 4 summarizes the comparison 
results, where (a) presents the results for RMSE and MAE, (b) presents 
the results for MSE, and (c) presents the results for SH, R, and RR. The 
DTR model performs exceptionally well in predicting the required cal
ories based on the given dataset. Such performance may be ascribed to 
its ability to capture nonlinear relationships and its robustness to out
liers. The hybrid models, particularly the SVR + DTR model, also ach
ieve promising results, thereby suggesting that combining different 
models can improve prediction accuracy.

Evaluating the recommender system is critical to determining its 
accuracy, reliability, and overall performance. The evaluation proced
ure tests the system’s ability to accurately diagnose and recommend 
appropriate intakes of fats, proteins, and carbohydrates based on the 
estimated required calories and level of physical activity. Given our lack 
of a benchmark model, we only compare the performance of the pro
posed recommender system with the decisions made by human experts 
to ensure consistency and validity. The system’s rules must be contin
uously evaluated and validated to identify and address any shortcom
ings or inconsistencies and consequently improve its effectiveness. We 
used Cohen’s Kappa metric to evaluate the consistency between the 
recommendations of the proposed system and those of human experts as 
follows [32]: 

k=
P(A) − P(E)

1 − P(E)
(9) 

where P(A) is the observed agreement between the two recommenda
tions, and P(E) is the expected agreement achieved by the recommender 
system. The recommender system obtained an average Kappa value of 
0.8, indicating nearly perfect agreement.

We also validated the performance of our system using real-world 
data to guarantee its adaptability and generalizability across a range 
of medical scenarios. Medical rules in knowledge expert systems can be 
improved and adjusted via thorough reviews, making these systems 
valuable tools for assisting healthcare providers and enhancing patient 
outcomes.

5. Discussion

We proposed a dynamic approach for predicting calorie needs before 

obesity treatment based on anthropometric measurements. Unlike 
traditional static recommendations, our system can adapt to changing 
body compositions and thus provide evolving recommendations as the 
health of each patient progresses. We comprehensively evaluated the 
performance of multiple machine learning models in predicting calorie 
needs as presented in Table 5. Our proposed system improves the ac
curacy of its predictions by incorporating a wide range of body 
composition data as presented in Table 1.

We used SVR, DTR, and LR and assessed the efficacy of these models 
based on their MSE, R, SH, MAE, and RMSE. We observed that the DTR 
model outperformed the other models in terms of RMSE, MAE, SH, R, R2, 
and MSE, thereby highlighting its impressive predictive capabilities and 
accuracy. This model also obtained the lowest RMSE (30.97) and MAE 
(3.28) values, which highlights its better regression accuracy compared 
with the other models. The high R (0.985) of this model also underscores 
a strong correlation between its predicted and observed outcomes, while 
its R2 (0.971) addresses the large variance in the data. The high MSE 
value of DTR further supports the excellent performance of this model in 
explaining a significant percentage of the variance in the actual values.

When comparing the hybrid models, we found that the SVR + DTR 
hybrid model yielded promising results with relatively low RMSE 
(91.15), MAE (77.56), and SH (0.065) and a high correlation coefficient 
(R = 0.8671). To determine the statistical significance of the perfor
mance differences among DTR, SVR, and LR, we conducted a Friedman 
test was conducted and obtained Q(2) = 5.000, p = 0.0150, which 
suggests significant differences among these models with a confidence 
level of 98.50 %. Our post-hoc analysis based on the Wilcoxon signed- 
rank test revealed significant differences between the performances of 
DTR and SVR (p = 0.012) and of SVR and LR (p = 0.005). However, the 
difference between DTR and LR was insignificant (p = 0.045) after 
applying a Bonferroni correction (α = 0.0167). Thus, DTR and SVR as 
well as SVR and LR demonstrated significant performance differences, 
while DTR and LR did not.

Our dataset contains noisy or skewed data points. The DTR model is 
less sensitive to outliers than the other regression models, making it 
particularly suitable for the nature of our developed medical dataset. 
Furthermore, Fig. 2 shows a non-linear association between some pre
dictors and the target output, and the DTR model can capture these 
nonlinear relationships more effectively than the other models.

Anthropometric measurements in many studies [10–15] rely on 
basic parameters, such as age, BMI, and height, to estimate BFP. By 
contrast, our proposed system incorporates a wide range of body 
composition data, including BFP, muscle mass, and visceral fat. The 
proposed model offers a more nuanced understanding of the needed 
energy for everyone, as relying only on anthropometric measurements 
may oversimplify the complex factors that influence metabolic re
quirements. By using machine learning models, our proposed system can 
capture complex, nonlinear relationships between various factors and 

Fig. 4a. comparison between measure terms (RMSE, MAE).
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calorie requirements, thereby generating highly nuanced predictions. 
Many traditional approaches provide static recommendations that do 
not adapt to an individual’s changing conditions. Meanwhile, our pro
posed system can adjust its calculations based on whether an in
dividual’s weight falls within certain ranges, hence offering highly 
dynamic recommendations. Our system also uses current body compo
sition data and adaptable calculations to offer evolving recommenda
tions as a patient progresses in his/her treatment.

Our main objective was to evaluate the performance of different ML 
models in predicting the calorie needs of obese patients. We found that 
ML models obtained excellent regression outputs and generated solid 
estimations for the proposed recommender system. Table 6 summarizes 
the literature that applied ML models to predict the required number of 
calories burned for weight loss.

Current studies [21–24] have several limitations that the proposed 
model aims to address. Existing solutions focus on narrow prediction 
(calories or body fat percentage) based on limited dataset and simplified 
input parameters. They fail to provide comprehensive health assess
ments and do not offer dietary advice. They do not account for indi
vidual differences in health conditions or dietary preferences. The 
proposed model improves upon using these by using a more diverse 
dataset of 1000 obese patients aged 16–65 and incorporating 15 
anthropometric measurements for a more comprehensive analysis.

We developed our medical decision-making model based on DTR and 
LR given their better interpretability compared with complex models, 
such as neural networks. We evaluated our model on a sample of 1000 
obese patients. Simpler models may be less prone to overfitting than 
highly complex models, such as neural networks and RF. Furthermore, 
DTR can handle numerical and categorical data without extensive pro
cessing. SVR and LR can also efficiently handle high-dimensional data, 
which might be relevant given the 15 anthropometric measurements.

Our proposed model, while innovative, has several important limi
tations; firstly, the sample size of 1000 patients may lead to overfitting, 

potentially limiting the model’s generalization to the broader popula
tion. Authors do not account for crucial factors such as disease history, 
chronic conditions like diabetes, cardiovascular diseases, or liver dis
orders, which may impact nutritional needs and metabolism. Addi
tionally, the hybrid model lacks some genetic factors and lifestyle 
features such as activity, stress, and dietary preferences that may in
fluence dietary requirements. Lastly, our dataset includes 15 anthro
pometric measurements; we did not capture dynamic changes in these 
measurements over time that may affect dietary interventions.

In our future research, we should address these limitations to 
enhance the accuracy of the model and overall value in personalized 
nutrition planning. We will prioritize empowering users to gain more 
control over their dietary choices by allowing them to select preferred 
food items from a comprehensive food database. Our system will 
develop a personalized diet plan for everyone while considering the 
calculated percentages of fat, protein, and carbohydrates, the specific 
nutritional requirements of each patient, the number of essential nu
trients in different food items, and the patient’s history of chronic dis
eases, such as diabetes. By enhancing our system’s adaptability and 
customizability, we hope to provide a tailored and practical approach to 
maintaining people’s healthy lifestyles and achieving their dietary goals. 
In addition, we will investigate integrating AI-driven motivational ele
ments to improve dietary plan adherence. Future efforts will also focus 
on cross-cultural validation, integration with wearable technology, and 
addressing ethical considerations in AI-driven healthcare solutions.

6. Conclusion

Our “Healthy Life” hybrid model plays a vital role in accurately 
calculating calorie intake for weight loss. By utilizing machine learning 
techniques based on 15 anthropometric measurements, our model for
mulates personalized diet plans for each user. This model also calculates 
the required intake of fats, proteins, and carbohydrates based on the 

Fig. 4b. MSE results for different models.

Fig. 4c. A comparison between measure terms (SH, R, RR).
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estimated calorie needs of each user. This model demonstrates its 
effectiveness and practical utility with a correlation value of approxi
mately 0.98 and a variance of 0.971. Future research may expand this 
work by integrating diverse datasets and including individuals with 
chronic diseases to further refine and validate our model’s predictions. 
Exploring alternative machine learning algorithms and incorporating 
more advanced techniques may also enhance the calorie estimation 
accuracy and personalization of our model.
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Table 6 
Empirical analysis of calorie needs prediction studies.

Reference Outcome Dataset Models Results

Nipas 
et al. 
[21]

Burned 
calorie 
prediction

15000 patient 
Parameter (age, 
height, weight, 
heart rate, body 
temp, duration)

Linear 
regression, 
XGBoost 
regressor, 
Random Forest 
regression

Random 
forest 
(95.77)

Gaikwad 
et al. 
[22]

Calorie 
prediction

15000 patient 
Parameter (age, 
height, weight, 
heart rate, body 
temp, duration)

Decision Tree, 
Simple Linear 
Regression, and 
Multiple Linear 
Regression, 
Random Forest 
algorithm, 
Support Vector 
Machine (SVM), 
K-NN, and 
XGBoost 
regressor

XGBoost 
(0.99)

Sheng 
et al. 
[23]

Calorie 
prediction

15000 patient 
Parameter (age, 
height, weight, 
heart rate, body 
temp, duration)

LightGBM, 
XGBoost, 
Random Forest, 
Ridge, Linear, 
Lasso, and 
Logistic

LightGBM 
(MAE 1.27)

kadam 
et al. 
[24],

Calorie 
prediction

15000 patient 
Parameter (age, 
height, weight, 
heart rate, body 
temp, duration)

Random forest 
regressor

RMSE (8.3)

Ferenci 
et al. 
[16],

Body fat 
percentage

862 patients 
Male, aged >18 
39 variables

Neural 
network, 
Support vector 
machine, 
Linear 
regression

Support 
vector 
machine 
(0.983)

Uçar et al. 
[14],

Body fat 
percentage

252 patients 
13 anthropometric 
measurements

Support vector 
machine, 
decision tree 
regression, 
artificial neural 
network

DT + SVM 
(0.802)

Proposed 
model

Calorie 
prediction

1000 obese 
patients aged 
16–65 
real dataset of 15 
anthropometric 
measurements

Logistic 
regression, 
support vector 
regression, 
decision tree 
regression

Decision 
tree 
regression 
(0.985)
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