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Abstract 

This research investigates the effectiveness of two machine learning algorithms, Random Forest (RF) and Support 

Vector Regression (SVR), in building an efficient and robust expense tracker. An expense tracker is a tool designed 

to help individuals or organizations manage and track their spending patterns. By comparing these two algorithms, 

the study evaluates their performance in terms of prediction accuracy, computational efficiency, and robustness 

when applied to financial data. The results of this comparison are significant for the development of personalized 

finance management systems. 

1. Introduction 

Expense tracking is an essential aspect of personal and organizational finance management. With the increasing 

complexity of financial data, machine learning algorithms have been employed to predict future expenses, optimize 

budget planning, and identify trends. Among the most promising algorithms for this task are Random Forest (RF) 

and Support Vector Regression (SVR). Both algorithms have been extensively used in various domains, but their 

application in expense tracking is relatively new. 

The objective of this study is to compare RF and SVR in terms of their performance in predicting and categorizing 

expenses based on historical data. The study will focus on several key metrics: accuracy, computational efficiency, 

and robustness. 

2. Background and Literature Review 

 Expense Tracking with Machine Learning 

Expense tracking has evolved significantly over the years, from simple spreadsheets to sophisticated algorithms 

that predict future expenses based on historical data. Machine learning techniques like regression and classification 

models have been used to improve the accuracy of such predictions. 
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 Random Forest Algorithm 

Random Forest is an ensemble learning method used for both classification and regression tasks. It constructs 

multiple decision trees during training and outputs the average prediction or the majority vote.RF is known for its 

robustness, handling of overfitting, and ability to manage large datasets with high dimensionality. 

Key Benefits of Random Forest: 

 Handles both numerical and categorical data. 

 Resistant to overfitting due to its ensemble nature. 

 Provides feature importance, which helps in understanding the underlying data patterns. 

 Scalable to large datasets. 

Limitations: 

 Can be computationally expensive for large datasets. 

 Less interpretable compared to simpler models like linear regression. 

 Support Vector Regression (SVR) 

Support Vector Regression is a type of machine learning model that uses support vector machines (SVMs) to 

perform regression tasks. SVR aims to find a hyperplane that best fits the data while ensuring that the margin of 

error is minimized within a certain threshold. 

Key Benefits of SVR: 

 Effective in high-dimensional spaces. 

 Robust to overfitting, especially in high-dimensional data. 

 Suitable for problems where the relationship between features and target is nonlinear. 

Limitations: 

 Computationally expensive, especially with large datasets. 

 Sensitive to the choice of kernel and hyperparameters. 

 Comparative Studies of RF and SVR 

Several studies have compared RF and SVR in different domains. A study by Zhang et al. (2018) [1] found that 

Random Forest outperformed SVR in predicting stock market prices due to its ability to handle large datasets and 

its robustness. On the other hand, SVR was shown to be more accurate in cases where the relationship between the 

independent and dependent variables is highly nonlinear, as noted by Chen et al. (2017) [2]. 

3. Methodology 

 Data Collection 

For this study, we used publicly available financial datasets, which include historical expense records, 

categorization of spending, and other relevant financial details. The dataset spans over a year and includes multiple 

categories of expenses such as groceries, entertainment, utilities, and transportation. 
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 Data Preprocessing 

Data preprocessing steps included: 

 Cleaning: Removing missing values and handling outliers. 

 Feature Engineering: Creating new features based on historical spending trends. 

 Normalization: Scaling features to standardize the dataset for better model performance. 

 Implementation of Algorithms 

Both the Random Forest and Support Vector Regression models were implemented using the Python programming 

language, utilizing libraries such as sklearn for machine learning tasks and pandas for data manipulation. 

 Random Forest: A Random Forest regressor was used, with hyperparameters tuned for optimal performance 

using grid search. 

 SVR: A radial basis function (RBF) kernel was used for SVR, with hyperparameter tuning through cross-

validation. 

 Evaluation Metrics 

The models were evaluated based on the following metrics: 

 Mean Absolute Error (MAE): To evaluate prediction accuracy. 

 R-squared (R²): To assess the goodness of fit. 

 Execution Time: To measure computational efficiency. 

 Robustness: To assess the model's performance under noisy or incomplete data. 

4. Formulas  

Formulas for Random Forest 

The final prediction of a Random Forest is the average of the predictions from all individual decision trees in the 

forest. For regression, the formula is: 

  

Where, 

 y^RF is the final predicted value by the Random Forest model, 

N is the total number of trees in the forest, 

y^i is the prediction from the i-th decision tree. 
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Formulas for SVR 

For Support Vector Regression, the prediction is based on a weighted sum of the support vectors and a kernel 

function, given by the formula: 

 

Where, 

y^(x) is the predicted value for input x, 

αi  are the Lagrange multipliers (weights) associated with each support vector. 

K(x, xi) is the kernel function that measures the similarity between the input x and support vectors xi. 

b is the bias term. 

5. Results and Discussion 

 Performance of Random Forest 

 Accuracy: The Random Forest algorithm showed high accuracy, with an R² value of 0.92 and a relatively low 

MAE. This indicates that the model was effective at predicting future expenses. 

 Computational Efficiency: While Random Forest performed well, it required significant computational 

resources and time, particularly when the number of trees and the depth of each tree were large. 

 Robustness: The Random Forest algorithm was robust to noisy data and handled missing values with relative 

ease by using imputation techniques. 

 Performance of Support Vector Regression 

 Accuracy: SVR achieved an R² value of 0.88 and a MAE of 12.5, slightly lower than Random Forest, indicating 

that it was not as precise in predicting expenses, especially when dealing with large datasets. 

 Computational Efficiency: SVR showed slower performance in terms of training time and prediction speed 

compared to Random Forest, especially with larger datasets. 

 Robustness: SVR was highly sensitive to the choice of hyperparameters, and performance deteriorated 

significantly when the data contained noise or outliers. 

Comparison and Insights 

 Random Forest proved to be the more robust and efficient algorithm for the given expense tracking task, 

excelling in handling complex datasets with multiple features. 

 SVR, while effective in some cases, was computationally expensive and showed a slight decrease in 

performance due to its sensitivity to hyperparameters and noisy data. 

6. Conclusion 

Both Random Forest and Support Vector Regression offer valuable contributions to building an efficient and robust 

expense tracker, but their suitability depends on the specific context. For large datasets with complex features and 
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a need for robustness, Random Forest is the preferred choice. However, for scenarios where the relationship 

between variables is more predictable and less noisy, Support Vector Regression may provide competitive results. 

Future work could focus on optimizing the parameters of both models and exploring hybrid models to further 

enhance prediction accuracy and computational efficiency. 
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