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ABSTRACT: 

Life expectancy is a crucial indicator of a population's overall health and standard of living. This work offers an 

AI-driven approach for accurately predicting life expectancy using state-of-the-art machine learning algorithms. 

In particular, the CatBoost approach—which is renowned for its superior performance on structured data and 

categorical variables—was used to build a robust prediction model. The model was trained using a big dataset of 

health, demographic, and socioeconomic data from multiple countries. Performance evaluation results were 

positive, with a Mean Squared Error (MSE) of 0.18, Mean Absolute Error (MAE) of 1.15, testing R2 score of 

93%, and training R2 score of 95%. These metrics confirm the model's excellent generalisation to new data and 

strong prediction power. By identifying key factors that affect life expectancy, this AI-powered approach can 

support health policy planning, improve resource allocation, and promote preventative healthcare initiatives across 

communities. The project shows how machine learning can be effectively used to provide insightful information 

on longevity prediction and public health. 

Keywords: Machine Learning, CatBoost, Life Expectancy Prediction, Socioeconomic Factors, HealthCare data 

and Regression Models. 

 

1. INTRODUCTION: 

One important measure of a population's general 

health and well-being is life expectancy [8]. 

Numerous factors, such as lifestyle choices, healthcare 

access, and socioeconomic conditions, have a 

substantial impact on life expectancy. Public health 

activities are crucial since diseases like Hepatitis B 

have been shown to have a detrimental effect on 

longevity in different places [2]. Globally, life 

expectancies vary due to geographical variations in 

health-related socioeconomic factors [5]. This paper 

suggests a reliable and effective machine learning 

framework that makes use of the CatBoost algorithm 

in order to overcome the shortcomings of current 

predictive models in life expectancy estimate While 

earlier research has examined methods like Random 

Forest, Artificial Neural Networks (ANN), Linear 

Regression, and most notably XGBoost, these models 

frequently face difficulties with managing categorical 

data, computational complexity, and overfitting on 

structured datasets. 

 Despite its great accuracy, XGBoost is quite sensitive 

to hyperparameter adjustment and necessitates a lot of 

data preprocessing, including the hand encoding of 

categorical variables. Particularly in healthcare 

datasets where categorical characteristics like 

geography, gender, smoking status, and lifestyle 

behaviours are crucial, these constraints may have a 

detrimental impact on model generalisation. Yandex 

created CatBoost (Categorical Boosting), a potent 

gradient boosting decision tree algorithm created 

especially to address these issues CatBoost allows 

native handling of categorical information without 

additional preprocessing or encoding, in contrast to 

conventional boosting techniques.  

In order to avoid the prediction shift that is frequently 

introduced in standard boosting, it employs 

sophisticated approaches like Ordered Boosting, 

which guarantees that each decision tree is built during 

training using a carefully shuffled dataset. This 

method greatly enhances generalisation performance 

and lessens overfitting. CatBoost also uses symmetric 

(oblivious) trees, which offer quicker training, less 

memory use, and more reliable predictions between 

runs. 

 

1.1 OBJECTIVE: 

The objective of this research is to develop a reliable 

and intelligent system that accurately predicts life 

expectancy using state-of-the-art machine learning 

techniques, particularly the CatBoost algorithm. By 

examining a range of health-related, demographic, and 

lifestyle factors, such as age, gender, smoking and 

alcohol use, BMI, blood pressure, cholesterol, and 

physical activity, the research aims to identify the 

primary factors influencing human lifespan. By 

leveraging CatBoost's ability to handle categorical 

input and reduce overfitting, the method seeks to 

improve prediction accuracy relative to more 

traditional models like XGBoost and Random Forest. 

Another objective is to provide an easy-to-use web 

interface that enables users to input their personal 

health data and obtain a life expectancy estimate. This 
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tool is intended to help medical professionals, 

researchers, and patients. 

 

2. EXISTING SYSTEM: 

In order to forecast life expectancy based on health, 

demographic, and socioeconomic parameters, the 

current system used the XGBoost (Extreme Gradient 

Boosting) algorithm. Despite being a potent and 

popular machine learning method, XGBoost has a 

number of drawbacks. Its inability to handle 

categorical data directly is a significant disadvantage; 

it frequently necessitates extra preprocessing, such as 

label encoding or one-hot encoding, which adds 

complexity and runs the risk of introducing noise. 

Additionally, XGBoost may overfit on smaller or 

unbalanced datasets and be sensitive to 

hyperparameter settings. These elements could make 

the model less interpretable and less able to generalise, 

which would restrict its usefulness in real-world 

applications with complicated and varied data. 

2.1 Existing System Disadvantages: 

● Hard to handle text data It doesn’t support 

category/text features directly. You have to 

convert them first. 

● Can overfit If not tuned properly, it may give 

good results on training data but poor on new 

data. 

● Needs tuning You have to adjust many settings 

(like depth and learning rate) to get good results. 

● Takes time to train for large datasets, it can be 

slow and use a lot of memory. 

● Not easy to explain the model is complex, so it’s 

hard to understand how it's making predictions. 

 

3. LITERATURE SURVAY: 

CatBoost: Unbiased Boosting with Categorical 

Features, L. Prokhorenkova, G. Gusev, A. Vorobev, 

A. Dorogush, and A. Gulin, 2023.  

This paper presents the key algorithmic techniques 

behind CatBoost, a new gradient boosting toolkit. 

Their combination leads to CatBoost outperforming 

other publicly available boosting implementations in 

terms of quality on a variety of datasets. Two critical 

algorithmic advances introduced in CatBoost are the 

implementation of ordered boosting, a permutation-

driven alternative to the classic algorithm, and an 

innovative algorithm for processing categorical 

features. Both techniques were created to fight a 

prediction shift caused by a special kind of target 

leakage present in all currently existing 

implementations of gradient boosting algorithms. In 

this paper, we provide a detailed analysis of this 

problem and demonstrate that proposed algorithms 

solve it effectively, leading to excellent empirical 

results. 

 

DIGWO-N-BEATS: An evolutionary time series 

prediction method for situation prediction, H. Lin and 

C. Wang, 2022  

Situation awareness is a key technology in many 

decision systems, but its performance bottleneck in the 

third step, namely situation prediction, has not been 

overcome yet. This step involves time series 

prediction and commonly uses deep learning methods. 

However, there are significant performance 

differences among these methods, and the tuning of 

their hyperparameters has not been thoroughly 

investigated. To address these challenges, a novel 

prediction method named Distributed Improved Gray 

Wolf Optimizer-Neural Basis Expansion Analysis for 

Time-Series (DIGWO-N-BEATS) is proposed for 

situation prediction tasks. First, an architecture based 

on N-BEATS, which is a cutting-edge paradigm, is 

formulated for modeling situation value time series. 

Second, a novel improved evolutionary algorithm, 

which can converge in parallel, is proposed to 

optimize thirteen hyperparameters and the model 

structures of N-BEATS. The experiment results 

demonstrate that DIGWO-N-BEATS outperforms the 

six most competitive baselines, reducing the average 

MAPE on two real-world situation awareness datasets 

and two time-series prediction datasets by 8.18%, 

1.12%, 9.92%, and 4.98%, respectively. Furthermore, 

DIGWO-N-BEATS exhibits good convergence in 

hyperparameter optimization tasks and scalability. 

 

4. RELATED WORK: 

A deep learning-based framework for predicting life 

expectancy using Long Short-Term Memory 

Recurrent Neural Networks (LSTM-RNN) was 

presented by Beeksma et al. [4]. Electronic health 

records with patient demographics, medical history, 

lab results, and prescription information were used in 

the study. The LSTM-RNN model was chosen due to 

its capacity to capture temporal dependencies in 

patient records and analyse sequential data. The 

findings showed that deep learning methods can 

enhance prediction accuracy and efficiently model 

complex healthcare data. 

Using Random Forest Regressor, Linear Regression, 

and Decision Tree Regressor models, Meshram et al. 

[5] created a machine learning-based prediction 

system. The study's goal was to compare life 

expectancy in developed and developing nations. 

Metrics including the R2 score, Mean Squared Error 

(MSE), and Mean Absolute Error (MAE) were used to 

assess the model's performance. The study highlighted 

the significance of socioeconomic and health-related 

indicators by identifying important factors impacting 

life expectancy, such as adult mortality rates, 

HIV/AIDS prevalence, and healthcare spending. 

A Random Forest model was presented by Bali et al. 

[8] to forecast life expectancy based on 

socioeconomic, environmental, health, and 



International Journal of Data Science and IoT Management System IJDIM, 2026, 5 (3), 862-867 | 864 

    International Journal of 

            DATA SCIENCE AND IOT MANAGEMENT SYSTEM 
Peer Reviewed, Referred & Indexed Journal       

                                                 ISSN: 3068-272X                                                www.ijdim.com                                        Original Research Paper 

 

demographic characteristics. When the authors tested 

different machine learning approaches, they 

discovered that ensemble-based approaches 

performed better. Their results showed that the 

reliability of life expectancy calculation is improved 

by incorporating several predictive elements. The 

study also highlighted how feature selection and data 

pretreatment contribute to improved prediction 

outcomes. 

An ensemble learning model based on XGBoost was 

presented by Lipesa et al. [10], and it outperformed 

Random Forest and Artificial Neural Networks 

(ANN) models in terms of prediction accuracy. The 

model's efficacy was further enhanced via 

hyperparameter optimisation, and accuracy and recall 

metrics were employed for validation. Furthermore, 

Chen et al. [15] suggested a linear regression method 

for censored data to deal with circumstances in which 

full survival data is not available. Their work showed 

the efficacy of statistical learning techniques for life 

expectancy projection and offered insightful 

information about survival analysis. 

 

5. PROPOSED SYSTEM: 

By including the CatBoost algorithm, a gradient 

boosting method designed especially for managing 

structured data and categorical features, the suggested 

solution overcomes these difficulties. In contrast to 

XGBoost, CatBoost handles categorical variables 

natively, removing the requirement for significant data 

modification and maintaining the input data's original 

structure. Additionally, it incorporates sophisticated 

regularisation strategies to reduce overfitting and 

enhance model stability. With a reduced Mean 

Squared Error (0.18), a smaller Mean Absolute Error 

(1.15), and higher R² scores for both training (95%) 

and testing (93%), the CatBoost-based model thus 

performs better than the prior system. These 

enhancements show how well the model can 

generalise and has a high predicted accuracy. As a 

result, the suggested system improves life expectancy 

prediction's overall performance and dependability, 

providing a more effective and precise means of 

assisting with policy planning and healthcare 

decision-making. 

5.1 Proposed System Advantages: 

● Handles categorical data directly No need 

to convert text or category columns 

manually. 

● Less overfitting Uses a special technique 

called ordered boosting to reduce overfitting. 

● Easy to use Works well with default settings, 

so you don’t have to tune too many 

parameters. 

● Fast and efficient Trains quickly and uses 

less memory compared to some other 

boosting methods. 

 

6. MODULES: 

● Data Collection Module: 

Purpose: To collect a reliable dataset containing 

essential health, demographic, and lifestyle 

information. 

Explanation: This module collects information about 

life expectancy from international health sources. It 

takes into account factors including age, gender, blood 

pressure, BMI, cholesterol, smoking, drinking, 

diabetes, and degree of physical activity. 

● Data Preprocessing Module: 

Purpose: To clean and prepare the raw data for 

machine learning modelling. 

Explanation: This module guarantees that all data is 

in an appropriate format for model training, manages 

missing values, identifies outliers, and encodes 

categorical features (although CatBoost handles them 

natively). If necessary, it also incorporates 

standardisation or normalisation. 

● Exploratory Data Analysis (EDA) Module: 

Purpose: To understand data distributions and 

relationships between variables. 

Explanation: This module makes it easier to see how 

different factors affect life expectancy by using 

statistical graphs, charts, and correlation heatmaps. 

Additionally, it determines which predictors are most 

important. 

● Model Building Module (CatBoost 

Algorithm): 

Purpose: To develop and train the life expectancy 

prediction model using CatBoost. 

Explanation: This is the main module that trains a 

regression model on the dataset using the CatBoost 

algorithm. CatBoost was chosen because it performs 

exceptionally well on structured data and can handle 

category variables directly with less overfitting. 

● Model Evaluation Module: 

Purpose: To assess the model's accuracy and 

performance. 

Explanation: Metrics like Mean Squared Error 

(MSE), Mean Absolute Error (MAE), and R2 score 

are used in this module to assess the trained model. It 

guarantees that the model works properly on training 

and testing data. 

• Prediction Module: 

Purpose: To generate life expectancy predictions 

based on user inputs. 

Explanation: This module uses the trained CatBoost 

model to forecast an individual's predicted life span 

based on additional input data, such as age, BMI, and 

health practices. 

● Web Interface Module (Flask Integration): 

Purpose: To provide an easy-to-use interface for user 

interaction. 

Explanation: Users can enter their personal 

information and receive real-time life expectancy 

projections through a Flask-based web application. 

This enhances the system's usability and accessibility. 
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7. TECHNIQUE OR ALGORITHM USED: 

7.1 EXISTING TECHNIQUE: 

● XGBoost Algorithm: 

Gradient boosting is a machine learning technique that 

generates an ensemble of decision trees in a sequential 

manner. XGBoost is an enhanced implementation of 

this technique. In XGBoost, every new tree attempts 

to correct the mistakes caused by the earlier trees. 

Gradient descent, which modifies the tree splits to 

gradually lower prediction errors, is used by the 

algorithm to minimise a loss function (such as mean 

squared error). To speed up training and lessen 

overfitting, XGBoost employs strategies like tree 

trimming, regularisation, and parallel processing. 

Nevertheless, categorical data is not directly handled 

by XGBoost. Label encoding or one-hot encoding 

must be used to transform categories into numbers, 

which occasionally adds complexity or noise. 

7.2 PROPOSED TECHNIQUE USED OR 

ALGORITHM USED: 

● CatBoost Algorithm: 

Yandex created the gradient boosting algorithm 

CatBoost with the express purpose of effectively 

managing datasets with categorical features. It 

constructs trees one after the other, fixing the mistakes 

of the previous one, just as XGBoost. But what makes 

CatBoost unique is that it handles categorical data 

natively, which means it uses statistical techniques 

like target-based encoding to automatically translate 

categorical features into numbers without the need for 

human preprocessing. Additionally, it presents 

ordered boosting, a method that ensures that each new 

tree is trained using a carefully randomised version of 

the data in order to prevent overfitting. Furthermore, 

CatBoost performs exceptionally well on 

structured/tabular datasets, requires less parameter 

adjustment, and is generally more stable. 

 

8. SYSTEM ARCHITECTURE: 

 
 

9. RESULTS: 
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10. DISCUSSION AND CONCLUSION: 

The CatBoost algorithm, a sophisticated gradient 

boosting method created especially to handle 

categorical information, is used in this study to 

propose a reliable and intelligent machine learning 

model for life expectancy prediction. The suggested 

model has demonstrated notable gains in predicting 

accuracy and generalisation by integrating CatBoost's 

inherent support for categorical data and its ordered 

boosting technique with a large dataset that includes 

health, lifestyle, and demographic characteristics. The 

model outperformed previous approaches, such as 

XGBoost, with a training R² score of 95%, a testing R² 

score of 93%, and a low MSE of 0.18 and MAE of 

1.15. These outcomes confirm CatBoost's 

effectiveness and accuracy in challenging health data 

settings. Furthermore, real-time prediction is made 

possible by the incorporation of an intuitive web 

interface, which makes this system extremely useful 

in clinical, research, and health policy contexts. Future 

improvements are anticipated to significantly increase 

model performance and usefulness in personalised 

healthcare, such as the addition of real-time sensor 

data, environmental variables, and mental health 

indicators. 

 

11. FUTURE ENHANCEMENT: 

Future improvements to this project could concentrate 

on incorporating dynamic behavioural trends and real-

time health data to further increase the precision and 

dependability of life expectancy prediction. Vital 

signs including heart rate, sleep quality, physical 

activity, and stress levels can be continuously 

monitored with wearable device data (e.g., 

smartwatches and fitness trackers), providing deeper 

and more immediate health information. A fuller 

insight of individual health profiles can also be 

obtained by combining genetic factors, nutrition data, 

and mental health indicators. Because they have a big 

impact on long-term health outcomes, environmental 

factors such the air quality index (AQI), climate, and 

pollution exposure should also be taken into account. 

Furthermore, prediction models for various 

populations can be improved by using geographical 

data to comprehend regional healthcare availability 

and lifestyle variations. To help healthcare 

professionals and policymakers better understand the 

model's predictions, sophisticated methods like 

explainable AI (XAI) can be implemented. With these 

improvements, the system will be more flexible, 

comprehensive, and customised for practical 

application in contemporary healthcare settings. 
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