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Abstract

This initiative utilizes machine learning techniques to forecast personal income levels based on demographic and
employment information. The research improves predictive precision by grouping individuals with similar traits using
KMeans and applying algorithms such as Random Forest and XGBoost. Important data preprocessing procedures—
Like managing missing values and encoding categorical variables—were crucial in enhancing model effectiveness. Of

all the models assessed, Random Forest achieved the best accuracy.

This research highlights the importance of predicting income in areas such as finance, policymaking, and marketing,
where insights based on data facilitate targeted decision-making. The study demonstrates how machine learning can

offer accurate income predictions, allowing for well-informed decisions across various industries.

Keywords: Income prediction, Machine learning, Data preprocessing, KMeans clustering, Random Forest,
Predictive analytics, Model evaluation.

1| Introduction

1.1| Background

Predictive analytics has emerged as a vital instrument in data-informed decision-making, especially in domains
such as financial risk evaluation, tailored marketing strategies, and public policy formulation. Through the
analysis of historical data patterns, predictive analytics empowers organizations to make well-informed
predictions about future occurrences, facilitating strategic decision-making and risk management. An
important application involves income classification, wherein advanced machine learning [1] models are
created to forecast an individual's income status by analyzing their demographic details and employment
information. This data aids financial institutions in evaluating creditworthiness, assists marketers in crafting

focused campaigns, and aids policymakers in developing socio-economic programs.

Forecasting income levels can uncover socio-economic trends that impact the lives of individuals as well as

the larger economic framework. Financial institutions utilize income prediction to effectively handle credit
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risk and provide their clients with customized financial products and services. In marketing, precise income
categorization enables businesses to divide target groups effectively, guaranteeing that the correct products
and services are delivered to suitable customers. In the field of public policy, income data is valuable for aiding
governments and organizations in pinpointing vulnerable groups, guiding budget decisions, and devising
strategies to alleviate poverty and economic inequality. By making precise income forecasts, organizations can
enhance the effectiveness of their services, allocate resources more efficiently, and boost their overall
influence.

1.2 | Objective

The main goal of this project is to create a strong machine learning model that can predict income levels by
considering different demographic and employment factors. The model strives to accurately determine
individuals' income by examining patterns in these variables, distinguishing whether it exceeds or falls below
a specific threshold, such as $50,000 annually. The model's design integrates machine learning techniques
such as KMeans clustering [2], Random Forest [3], and XGBoost [4] to enhance predictive accuracy. This
method seeks to utilize machine learning to uncover income trends and equip organizations with dependable
predictive abilities to make informed decisions.

1.3 | Significance

Precisely forecasting income is important in various finance, government, and business sectors. Within the
financial sector, organizations can utilize income prediction models to evaluate the creditworthiness of loan
applicants, enabling them to make informed choices regarding credit limits, interest rates, and loan approvals.
Governments and policymakers can utilize income prediction models to recognize and tackle socioeconomic
disparities, improve the allocation of resources, and craft programs that cater specifically to marginalized
communities. Businesses, especially those operating in consumer markets, find it advantageous to have insight
into income levels, enabling them to tailor their offerings, enhance customer satisfaction, and refine marketing
approaches. This project beautifully showcases how machine learning excels in managing intricate socio-
economic data and how these models can be applied in real-world scenarios. The project demonstrates the
value of machine learning in enabling more insightful decision-making in various sectors by offering a
dependable income prediction framework, allowing organizations to optimize their societal and economic
influence.

2| Literature Review/Related Work

Machine learning has been widely studied for its potential to predict income, particularly for socioeconomic
purposes.

This section will delve into essential algorithms such as Random Forest, KMeans clustering, and Gradient
Boosting, assessing their efficacy in classifying income and demographic data. Machine learning algorithms
used for forecasting income include the ensemble learning method known as Random Forest [5].

Exploring the applications and significance of forecasting income

Income prediction informs policy-making and assists governments in distributing resources, creating tax
frameworks, and tackling economic disparities.

Credit scoring involves financial institutions utilizing income prediction models to evaluate creditworthiness.
Market segmentation involves utilizing income data to enhance targeted marketing strategies and personalize
products for businesses. Utilized data sets and features research on predicting income usually uses data sets
that are publicly accessible or data that organizations own. The frequently encountered data sets comprise the
census income data set, which originates from the United States. According to the Census Bureau, this data
set classifies people's income as above or below $50,000, using various demographic and work-related
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characteristics. Household income survey data was gathered from multiple countries for demographic

research.

Exclusive bank/company data: encompassing comprehensive records of income and expenses. Factors that
affect earnings include demographic attributes, such as age, gender, level of education, and marital status.
Occupational factors include job type, the number of hours worked weekly, and the industry. Geographical
information consists of the location and its corresponding economic indicators. Socioeconomic factors such
as family size, housing type, and resource availability are considered.

Approaches to be employed:

I. Traditional statistical methodologies [6]: Linear regression involves eatly assumptions of linear relationships
between income and predictor variables. Though simple, these models frequently fail to capture
nonlinearities. Logistic regression is commonly employed in binary income classification tasks, such as

forecasting whether income surpasses or falls below a specified threshold.

II. Utilization of machine learning techniques: Decision trees and Random Forests are known for being highly
effective in dealing with nonlinear relationships and interactions among features. Random Forests are well-

regarded for their strong ensemble capability and resilience.

Gradient Boosting models, such as XGBoost, are well-known for their high accuracy when working with
structured datasets. These models are also recognized for effectively managing missing data and conducting

feature selection tasks.

Support Vector Machines (SVMs) are employed when intricate boundaries separate different income
categories [7].

Neural Networks: lately, deep learning techniques have been utilized for intricate, high-dimensional data,
albeit typically needing substantial data sets to achieve satisfactory performance [8].

Grouping and categorization: For exploratory analysis, k-means clustering is employed to categorize

populations based on similar income traits [9], [10].

Hierarchical clustering is useful for recognizing income trends within smaller groups organized in a
hierarchical structure. Hybrid models in research often blend machine learning with econometric techniques,
striking a harmonious balance between interpret ability and predictive accuracy.

Challenges faced when predicting income

Inaccuracies in data quality and imbalance, such as missing data and a disproportion in income classes (With
fewer high-income samples), can result in biased predictions. Selecting features involves identifying the most
significant ones without causing multicollinearity issues. Ethical considerations arise when utilizing sensitive
characteristics such as race or gender, potentially leading to biased predictions. The dynamic nature of income
necessitates using advanced models that can adapt to factors such as inflation and career advancement when

predicting future earnings.

I. Explainable Artificial Intelligence (XAI) [11], [12]: Methods such as Shapley Additive Explanations (SHAP)
offer insights into how income prediction models work by providing transparency.

II. Recurrent Neural Networks (RNNGs) [13] are applied to sequence data to forecast future income by analyzing
past carning trends. Ensuring fairness in Artificial Intelligence (Al) involves tackling algorithmic bias to
guarantee equitable income predictions among different demographic groups.
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2.1| Figures and Tables
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2.2 | Variables and Equations

KMeans clustering objective function

KMeans is used to segment data into clusters based on similarity, optimizing for minimum within-cluster

variance:
k

= > k- wli &)
i=1xec

where ] is the sum of squared distances within clusters, C; is each cluster, and p; is the centroid of cluster Ci.
This helps group individuals with similar demographic attributes, enhancing model performance.

Random Forest ensemble prediction

The Random Forest model [14] combines predictions from multiple decision trees to form a final output,

calculated as:

§ = mode {h; (x),h;(x), ..., hy )}, )

where h(x) represents the output of each decision tree. The ensemble approach minimizes variance and

increases prediction accuracy.

Gradient Boosting update rule

In Gradient Boosting, the prediction model is updated iteratively to reduce errors from prior rounds.

Fn®) = Fno1 (0 + n.hyp (), (2
where Fi(x) is the model's prediction after m rounds, 7 is the learning rate, and hm(x). () is the weak learner

added in each iteration. This approach refines predictions, making it effective for complex income

relationships.
3| Proposed Framework

The income prediction framework within this project is organized into multiple consecutive phases, beginning
with data preprocessing and advancing through clustering, model training, and evaluation. Every step has
been carefully crafted to improve the accuracy of predictions and guarantee the model's capability to manage

intricate socio-economic data.
Preparing data

Data cleaning involves managing missing values by filling them in with suitable imputation techniques. It also
involves identifying outliers and addressing them by either removing or adjusting them.

Encoding and scaling

Categorical variables like work class and education undergo a transformation process utilizing encoding
techniques, including one-hot encoding, to convert them into numerical representations. Continuous
variables are standardized to ensure that the data is uniform, a necessary step for models affected by variations

in feature scales.
Feature selection

The most essential features, such as age, education, and hours worked, are retained by assessing their
importance scores from initial model evaluations. This reduces dimensionality, enabling the model to

concentrate on the most significant features.
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3.1| Clustering Using KMeans

KMeans clustering is applied to segment the dataset into clusters using demographic attributes to identify
income-related groups sharing similar characteristics. This procedure categorizes people based on shared

traits, like age range or profession, to form specific groupings for targeted training.

Cluster analysis involves grouping similar data points into clusters, each representing a distinct population
segment. This enables the model to train on data that displays more uniform characteristics. Reducing the
variability within clusters improves the ability of the following models to make accurate predictions.

3.2 | Selecting a Model

Algorithm selection

Various algorithms, such as Random Forest, Gradient Boosting (Especially XGBoost), and Decision Trees,
are assessed. Every model is trained individually within its respective cluster to enhance accuracy specifically
for that segment.

Hyperparameter tuning

Hyperparameter tuning is a key step in improving model performance. Techniques such as GridSearch are
used to fine-tune parameters like learning rates and tree depths. By doing so, we can effectively lower error

rates and prevent overfitting.
Ensemble learning

Ensemble learning involves techniques such as Random Forests that consolidate the results of numerous
decision trees to enhance overall resilience. The ensemble approach aims to develop a final model by

combining predictions from various models, ultimately enhancing accuracy and reliability.
3.3| Model Evaluation

Performance metrics, such as accuracy, precision, recall, F1 score, and AUC, are employed to evaluate each
model's performance. These metrics provide valuable information on the model's accuracy and pinpoint areas
in need of enhancement.

Cross-validation

The technique of k-fold cross-validation is utilized to assess a model's performance across various subsets of
data. This guarantees that the model will perform effectively with unfamiliar data.

Models are assessed by their performance within each cluster, ensuring that the top-performing model is
chosen for each group. This comparison guarantees that the final predictions are based on only the most
precise models.

3.4 | Prediction and Deployment

Final model deployment

Upon completing the optimization and validation processes, the final model is deployed in a real-time setting.
The deployment is arranged to enable ongoing income classification through real-time inputs, facilitating
efficient utilization by financial institutions and policymakers [15].

System monitoring and maintenance

System monitoring and maintenance are essential components of the framework. They ensure that scheduled
activities for the continuous retraining and evaluation of models are in place. This guarantees that accuracy
remains consistently high even as socio-economic data trends evolve.
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4| Experimental Setup

The experimental setup outlines the end-to-end process for creating an income prediction model, detailing
steps from initial data handling to model deployment. This structured approach ensures consistent model
performance and reliable results.

4.1| Environment and Tools

Programming language: the implementation was carried out in Python [16] due to its comprehensive libraries
for data science.

Pandas and NumPy: For data analysis and processing.

Scikit-learn: provided tools for preprocessing, clustering, and model training using algorithms such as Random
Forest and KMeans.

XGBoost: Used to implement Gradient Boosting, enhancing the model's predictive performance.

Matplotlib and Seaborn were used to create visualizations, such as correlation heat maps and feature
distribution plots.

4.2 | Data Preprocessing

Data loading involved importing the dataset from CSV files, focusing on essential variables like age, work

class, education, and weekly work hours relevant to income prediction.

In data cleaning, missing values were handled through imputation, and outliers were addressed to ensure data
integrity. Files with extensive missing values were excluded from the dataset.

Feature encoding and scaling included transforming categorical attributes, such as work class, occupation,
and marital status, into numerical form using one-hot encoding. Continuous features like age and hours-per-
week were standardized to align feature scales, enhancing model performance.

For data segmentation, KMeans clustering was applied to group data into clusters based on demographic
similarities, allowing for customized model training for each group.

4.3| Model Training

Cluster-based model training involved using each KMeans cluster to train specific models, allowing for better
capture of the unique traits within each group. The models applied included Random Forest for its ensemble
learning capabilities and XGBoost for Gradient Boosting, helping to reduce prediction errors.

Hyperparameter tuning: gridsearch was used to optimize parameters for each model. Key parameters, such
as the number of trees and depth for Random Forest and the learning rate and tree depth for XGBoost, were
adjusted to improve model accuracy.

Cross-validation was conducted using K-fold cross-validation, typically with k=5, to enhance model reliability,
minimize overfitting, and ensure better generalization to new data.

4.4 | Model Evaluation

Metrics used for model evaluation included accuracy, precision, recall, F1 score, and AUC, which provided a
comprehensive view of predictive effectiveness.

For result comparison, model performances within each cluster were assessed, and the best-performing model
was selected based on metric scores.

In the final model selection, top-performing models from each cluster were integrated into an ensemble

framework to make the final income predictions, leveraging each model's strengths for improved accuracy.
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4.5 | Deployment and Testing

Deployment

The final model was deployed on Heroku for real-time income prediction. A user interface was created to
allow demographic details to be input and to display income predictions.

Monitoring

Regular retraining is planned to keep the model responsive to evolving data trends and ensure continued

accuracy over time.
5| Experimental Results and Discussion

The income prediction model was evaluated based on accuracy, feature importance, and clustering

effectiveness. Key results and insights are presented below.
5.1| Model Performance

Performance metrics, including accuracy, precision, recall, and F1 score, provided a detailed assessment of
each model:

Random Forest delivered high accuracy and robustness, excelling in feature interpretability and minimizing
overfitting. This model’s performance was consistent across cross-validation folds, demonstrating stability

and reliability.

XGBoost showed excellent predictive power by capturing complex feature relationships, though it required
intensive tuning to avoid overfitting. XGBoost achieved slightly higher accuracy than Random Forest but was
computationally demanding.

Cross-validation confirmed the generalizability of both models, with Random Forest showing a marginal
advantage in stability.

5.2| KMeans Clustering Analysis

KMeans clustering was used to segment the dataset into groups based on demographic similarities, enhancing

model performance within each cluster:

Cluster segmentation: The optimal number of clusters was determined using an elbow plot, balancing model
complexity and compactness.

Income patterns by cluster: Each cluster exhibited unique income patterns, allowing for more accurate and
tailored predictions. High-income clusters had models with higher precision, while lower-income clusters

performed well in recall.
5.3 | Feature Importance

Feature analysis identified key variables that significantly influenced income predictions:

Education level and hours-per-week were among the most impactful features, strongly correlating with
income.

Age and work class also emerged as significant predictors, highlighting the relevance of experience and

employment type in income classification.

This feature insight is valuable for targeted decision-making in financial and policy domains.
5.4| Discussion

Each model offered unique advantages:
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Random Forest provides robust interpretability and is ideal for applications needing feature transparency.

XGBoost achieved slightly higher accuracy, making it suitable for cases where precision is prioritized over
interpretability.

The KMeans clustering approach improved prediction accuracy by grouping similar demographic profiles,
allowing the models to adapt to specific income patterns within each group.

The results underscore the combined value of clustering and machine learning in creating a powerful and

versatile income prediction framework.
6 | Result Analysis

Dataset: Census Income DataTask: Categorizing income as more significant than $50,000.
Model: Random Forest can be employed.

Measurement criteria: The accuracy stands at a commendable 85%.

Accuracy in the high-income category stands at 78%.

Remembering that 72% denotes high income.

The F1 Score stands at an impressive 75%. The ROC-AUC value is 0. 92

Table 1 can list the preprocessing steps applied to each variable, improving data quality and model

performance.

Table 1. Data pre processing.

S/N  Questions Description Variable Type
1 Age Indicates the individual’s age. Continuous
2 Education Highest level of education. Categorical
3 Hours per week  Weekly working hours. Continuous
4 Working class Employment sector. Categorical
5 Occupation Type of occupation. Categorical
6 Marital-ststus Marital status. Categorical
7 Capital gain Monetary gains from investments. ~ Continuous
8 Capital loss Monetary losses from investments. Continuous

Table 2 provides a comparison of key performance metrices for the different models used (Random Forest,
XGBoost) to help identify the most effective model.

Table 2. Model performance score.

Model Accuracy Precision Recall F1Score Auc Score
Random Forest  0.89 0.85 0.84 0.84 0.87
XGBoost 0.91 0.87 0.86 0.86 0.89

7| Conclusion

This study has devised a proficient machine learning framework to forecast income levels utilizing
demographic and employment information. The model achieved high accuracy and adaptability by integrating
KMeans clustering with Random Forest and XGBoost. Important factors like education level, hours worked,
and age have been recognized as key predictors in determining income classification. This model offers
valuable insights into various areas such as financial risk assessment, targeted marketing, and policy-making,

showcasing the effectiveness of machine learning in tackling socio-economic issues. Subsequent efforts have
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the potential to boost accuracy levels through the incorporation of real-time data and the investigation of
supplementary features.
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