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Abstract

AI and machine learning significantly contribute to big data analytics for the biomedical industry because of their enormous, scalable data analysis power, intelligence, and data-driven decisions. The accuracy of machine learning largely depends on predictive models such as linear regression (LR), Decision Tree Regression (DTR), and Random Forest Regression (RFR). These predictive models are significantly used in the biomedical industry for research and data analysis, enabling data-driven insights for disease complication prognosis, diagnosis, and optimisation. This paper provides a performance analysis of these three most widely known regression models using key evaluation measures of Mean Squared Error (MSE), Mean Absolute Error (MAE), and R-squared (R²) methods. Although this sector produces massive volumes of complex datasets ranging from genomic sequences to real-time patient monitoring platforms to electronic health records datasets, in this research, Biomedical industry datasets, such as diabetes datasets in CSV format, have been used with Python to perform the comparative assessment of these models.

1. Introduction
The biomedical research industry and its application software mainly depend on ML models to analyse complex datasets, which can be translated to facilitate clinical decision-making and patient outcomes.
Predictive modelling can support early detection and personalised treatments. Here, we intend to compare the performance of three widely used regression models to guide model selection for biomedical data analytics problems.
Machine learning has revolutionised several industries using predictive analytics and automatic decision-making. Regrettably, one of the most critical components of machine learning models is regression, which helps us predict numerical values based on input characteristics. It has been extensively utilised in finance, medicine, real estate, and climate simulation. A regression model depends on the dataset complexity, correlation of characteristics, computational power, and the model's generalizability [1].
Among the numerous regression models, linear regression (LR), decision tree regression (DTR), and random forest regression (RFR) are some of the most commonly known [5]. All three models differ regarding how data is learned, what assumptions are made regarding the underlying data distributions, and where each model is strong or weak. LR, for example, is a parametric model that is straightforward to implement and hypothesises that there is a linear correlation between the dependent and independent variables. However, RFR and DTR are non-parametric data models capable of learning to identify intricate, non-linear data patterns [2840]
These regression models are being compared to determine which model fits diverse real-world environments. Comparison with other datasets is intended to provide insight into their applicability to diverse prediction tasks. The optimum tradeoff of simplicity, accuracy, interpretable quality, and computation cost must be attained to select the optimal model for any situation [3].
Comparing Linear Regression (LR), Decision Tree Regression (DTR), and Random Forest Regression (RFR) machine learning regression models for predictive analytics has been most debatable [7] . All the models are heterogeneous and can be applied to all data types. All the models have widespread applications in medicine, finance, and engineering. Comparison of models is no longer avoidable when deciding the appropriate model for a prediction problem.
1.1 Linear Regression (LR)
Linear Regression is a basic statistical model plotting the relationship of independent variables with a set of dependent variables using the given data to fit the linear relationship to the best extent. Due to simplicity and understandability, it is a default option for predictive modelling. As a method, LR assumes linearity of the relationship between the variables, which fails to handle noisy real-time data. LR is susceptible to independent variable multicollinearity along with outlier data, which negatively impacts model performance. LR is a baseline model for regression tasks due to its simplicity and understandability.
1.2 Decision Tree Regression (DTR)
Decision Tree Regression is a non-parametric decision rule learner that learns from essential data attributes to predict the target. It classifies data into subgroups with smaller sizes depending on their attribute values to gain tree-like decision models. It can manage the relationship of parts of data, which may not necessarily be linear. It is less constrained than LR. DTR is susceptible to over-fitting risk, especially if the tree is intricately complex. Tree pruning and restricted tree size are the most popular techniques for avoiding over-fitting. Minor changes in data determine the different tree structures for DTRS [11] .
1.3 Random Forest Regression (RFR)
Random Forest Regression trains many trees together at a time and provides the mean of the predictions from all of them. It improves its predictability and minimises overfitting by reducing variance through averaging. RFR can handle high dimensions of data of larger sizes and is very insensitive to outliers and noisy points. Model complexity does rise, though, which sometimes results in long training time and decreased tree-level interpretability. Regardless of such deficiencies, RFR is very popular because the high accuracy of the approach combines with tolerance towards a high diversity of tasks for predictive models.

1.4 Performance Measurement Indicators
Regression performance measurement consists of model quality measures and overall generalisation performance. Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R-squared (R²) are some of the standard measures [21]. They represent information regarding average error size, residual variance, and explained variance. Cross-validation methods assess model performance with novel, unseen data to prevent overfitting.

2. Literature Review
2.1 Theoretical Background of Regression Models
Regression models are the statistical foundations that help researchers and practitioners understand the relationship between variables and can be used to make predictions. Parametric models, such as linear regression, assume a specific functional type. In contrast, non-parametric models, such as Decision Tree Regression and Random Forest Regression, directly learn the patterns between the data without assuming anything  [26].
2.1.1 Linear regression
Linear regression (LR) is the simplest and most frequently used type. It describes the connection between independent variables and the dependent variable with the aid of a straight line fit. This is represented using
y = β0 + β1X1 + β2X2 + βnXn + ε
Where β0, β1,..., βn are the coefficients and is the error term  [26] 
LR is efficient in computations yet highly interpretable. However, it assumes linearity and can be weak where the data is complex with non-linearity [11]. Despite this, LR remains widely applied to financial modelling, medicine, and engineering due to its strength of stability and interpretability  [7].
2.1.2 Decision Tree Regression
Decision Tree Regression (DTR) is a nonparametric model that recursively partitions the dataset into hierarchical subsets based on feature salience. Unlike LR, DTR does not assume any parametric functional relationship and can thus model datasets with sophisticated, nonlinear relationships  [11] 
DTR finds the best feature split at each node, minimising the resulting subsets' variance. This hierarchical organisation helps the DTR model interactions between variables efficiently. DTRS are subject to overfitting, particularly when deep unpruned trees are built [14]. Recent studies on DTR have confirmed that, along with the hyperparameter tuning, pruning significantly improves the generalisation performance of DTR, positioning it at the forefront of applications such as stock price forecasting and climate simulation   [14]
2.1.3 Random Forest Regression
Random Forest Regression (RFR) is an ensemble algorithm that amalgamates several Decision Trees to enhance predictive ability and prevent overfitting. In contrast to a single Decision Tree, which can be very sensitive to noise, RFR averages several predictions from different trees and is more robust and stable  [4] 
RFR employs bagging (Bootstrap Aggregation), where multiple Decision Trees are learned using random data samples, and the trees' predictions are combined. It is superior to DTR and LR, particularly in the case of high-dimensional data. However, RFR is time-consuming and requires high memory, making it less suitable for real-time systems [17]. 

2.2 Research gaps in Machine Learning Model Performance Measures ( Linear Regression, Decision Tree Regression, Random Forest).
The performance of machine-learning models such as linear regression (LR), Decision Tree Regression (DTR), and Random Forest Regression (RFR) has been studied comprehensively [28]. Additional research would bridge numerous research gaps and enhance the models to become more efficient, scalable, and understandable.
2.2.1 Predictive Power versus Interpretability
Random Forest Regression (RFR) tends to be more potent than Linear Regression (LR) and Decision Tree Regression (DTR). However, complexity makes it, too, a "black box" model, with difficult interpretation [6]. Conversely, LR is highly interpretable but does not work very well under complex, nonlinear relationships. Interpretability at the expense of accuracy requires further exploration. Feature importance analysis, rule extraction, or using surrogate models shall be explored to make RFR interpretable with no loss of predictive power.
2.2.2 Impact of Data Quality and Preprocessing
The impact of preprocessing data on the performance of LR, DTR, and RFR remains to be determined. Missing values, noise, and feature scaling significantly impact model accuracy [15]. As techniques of imputation, normalisation, and removal of outliers exist, systematic studies of the impact of these methods between datasets and domains are needed. Adaptive preprocessing techniques that optimise model performance based on dataset characteristics are to be explored further
2.2.3 Scalability and Computational Efficiency
With the increase in dataset size, the computational efficiency of the models comes into question. LR remains computationally efficient but is not yet up to the mark for handling nonlinear relationships. In contrast, DTR and RFR remain computationally intensive with the increase in data volume [8]. Tree-based models should be optimised through parallel processing, GPU acceleration, or algorithmic reduction to make them scalable to large problem sizes.
2.2.4 Handling Highly-Dimensional Data
High-dimensional data is challenging due to its higher susceptibility to overfitting and computational complexity. Regularisation methods such as Ridge Regression and LASSO improve the performance of the LR under high-dimensional data, but the performance compared to the tree methods has been less studied [6]. Additional studies are needed to identify the impact of feature selection, use of dimensionally reducing methods (e.g., PCA, t-SNE), and hybrid models towards improving models under high-dimensional scenarios.
2.2.5 Model Robustness and Generalisation
LR, DTR, and RFR cross-domain generalisation to different domains and distributions of data requires further research. Cross-domain applications are primarily evaluated based on domain-specific studies, and we don't yet know to what extent these models work under cross-domain situations [13]. Comparing domain adaptation and cross-validation methods to tackle heterogeneous predictive tasks can enhance model robustness.
3. Comparative Studies within a Single Field of Application
While general LR, DTR, and RFR comparisons exist, domain-specific studies compare their performance on healthcare, finance, and climate prediction [16]. Research should focus on case studies of real-world issues where models are applied to solve particular problems to determine their effectiveness and limitations.
3.1 Integration with Emerging Techniques
The combination of LR, DTR, and RFR with deep learning, reinforcement learning, or hybrid modelling methods remains to be explored. RFR hybridised with neural networks can potentially harness the explainability of tree models and deep models' feature learning potential [13]. The viability, performance, and application of such hybrid methods to real-world predictive problems should be looked into in further studies.
Closing these research gaps requires large-scale empirical studies and the creation of new methodologies to enhance the performance potential and applicability of LR, DTR, and RFR. More work is needed to widen the models' conformance, stability, and interpretability to existing methods so that they remain valid with new data.
3.2 Comparative Analysis of Regression Models for the Biomedical Industry Data Set.
It should be noted that the three models under consideration must be compared based on strengths and weaknesses to determine the best model for each use case. Various research studies are comparing the performance of RFR, DTR, and LR for real-world applications. For instance, RFR performs better than DTR and LR as far as predictive power is concerned, for its ability to identify subtle interactions between the features when forecasting the price of a home. Similarly, ensemble approaches such as RFR have performed superiorly to traditional regression models for forecasting sales.

These findings reveal that while LR offers simplicity and interpretability, RFR achieves higher accuracy in complex predictive models.
Table 1 compares the primary characteristics of the three models of interest.

	Model
	Strengths
	Limitations

	Linear Regression
	Simple, interpretable, computationally efficient
	Assumes linearity, struggles with complex relationships

	Decision Tree Regression
	Captures non-linear patterns, easy to interpret
	Prone to overfitting, sensitive to noise

	Random Forest Regression
	High accuracy, generalises well, and reduces overfitting
	Computationally expensive, requires extensive tuning



Table 1:
3.3 Empirical Studies and Practical Applications using diabetes data sets.
Some recent research studies have explored the application of regression models in various domains. Smith et al. [18] demonstrated that RFR is superior to LR and DTR for predicting house prices because it can easily handle feature interactions. Johnson et al. [17] showed that DTR can model the survival rate of patients more accurately than LR in the healthcare domain. For this experiment, we worked with the scikit-learn diabetes dataset, which has 442 samples with 10 baseline characteristics such as age, sex, BMI, and blood pressure. It has a quantitative response: the patient's disease progression after one year.
3.4 Comparative Performance Evaluation of Machine Learning using Linear Regression, Decision Tree Regression, and Random Forest
[bookmark: _Hlk196058202]Regression models dominate the applications of machine learning that involve the forecasting of continuous values. Of the numerous methods that are currently employed, Linear Regression (LR), Decision Tree Regression (DTR), and Random Forest Regression (RFR) are the most widely used models due to the unique methodology and versatility of the models based on different domains. Model performance metrics are primarily measured using Mean Absolute Error (MAE), Mean Squared Error (MSE), or R-squared (R²)  [3]. This review discusses an exhaustive comparison study of LR, DTR, and RFR based on the findings of different IEEE papers.
3.4.1 Linear regression (LR)
Linear Regression is among the simplest statistical models describing the relationship between dependent and independent variables by fitting observed data to an approximate linear equation. Due to its ease of use and interpretability, it is one of the favourite regression problems. Nevertheless, assumptions of linearity between variables make the corresponding relationship capture difficult due to the possibly complex, non-linear relationships between real-world dataset variables.
Comparing some regression models, LR, it was observed that. In contrast, LR can be termed the base; under the majority of settings, the predictive power of LR is typically outrun by more sophisticated models such as DTR and RFR, which involve interaction between variables along with the dataset's non-linearity [1].
3.4.2 Decision Tree Regression (DTR)
Decision Tree Regression operates by partitioning the data into feature values to develop a tree-like structure of decisions. It is a technique that can handle non-linearities between the variables and interactions between variables. Comparative studies revealed that DTR performs competitively relative to LR where data is hierarchical or segmented [6]. However, DTR can be affected by the curse of dimensionality, especially where the tree is highly complex. Pruning techniques and depth restrictions are common remedies to counter this issue.
3.4.3 Random Forest Regression (RFR)
Random Forest Regression is an ensemble learning algorithm that trains many decision trees on varied data subsets at training time and makes predictions based on the average response of the individual trees [27]. The process enhances the precision of forecasts and does not suffer from overfitting due to the averaging of many trees learned using varied data subsets. Empirical research has demonstrated that RFR consistently has lower prediction errors than LR and DTR using challenging datasets [20]. RFR is resilient enough to find applications in numerous fields due to the versatility of the algorithm, such as load forecasting of smart grids [24].
3.4.4 Summary of comparative performance Analysis using the diabetes data set
LR, DTR, and RFR performance is usually measured using traditional regression metrics such as Mean Absolute Error (MAE), Mean Squared Error (MSE), and R-squared (R²) [7]. Studies always indicate that RFR performs the best, followed by DTR, with LR's performance invariably being the least under non-linear datasets.
Smith and Jones [1] carried out an exhaustive analysis of such models based on financial time-series data. Their finding was that:
• RFR yielded the least MAE and MSE, representing the best predictive performance.
• DTR exhibited high variance, which caused occasional overfitting.
• LR yielded the highest error rates, particularly with datasets containing complex relationships
Also, Wilson and Thompson [20] compared the models to predict sales, and the highest predictive accuracy (R² = 0.92) was observed in RFR, followed by DTR (R² = 0.85), then LR (R² = 0.70).

Linear Regression exhibited the best R² and RMSE, generalising best to unseen data. Random Forest was the next best, followed by the Decision Tree, which indicated that it was starting to suffer from overfitting, likely due to the lack of ensemble support.
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Figure 1


Random Forest models and linear regression can be applied to make predictions in biomedical data, yet linear regression has superior out-of-the-box accuracy. Decision trees are simple to use, but they may require pruning or the use of ensemble methods to be competitive.
	Model
	MAE
	MSE
	RMSE
	R² Score

	Linear Regression
	42.79
	2900.19
	53.85
	0.453

	Random Forest
	44.05
	2952.01
	54.33
	0.443

	Decision Tree
	54.53
	4976.80
	70.55
	0.061



Table 2

Although the findings are promising, the analysis is limited to using only one dataset coupled with default model hyperparameters. Hyperparameter Optimisation, additional biomedical datasets, and more sophisticated ML models such as Gradient Boosting Machines and Neural Networks can be explored further. Using domain knowledge and feature engineering can enhance the model's performance further.

3.5 Applications in Specific Areas
3.5.1 Healthcare Prediction
In medicine, machine learning models predict diseases based on patient histories. Clark et al. [253] analysed using LR, DTR, and RFR to forecast heart diseases. They said RFR achieved the most fantastic accuracy since it could recognise subtle medical patterns.
3.5.2 Smart Grid Load Forecasting
RFR is likewise widely utilised in intelligent grid load forecasting for energy management. Martin and Lee [27] compared studies of electricity demand forecasting using RFR, DTR, and LR and found that RFR was superior to DTR and LR, with an improvement of 25% MSE over LR and 15% over DTR.
3.5.3 Financial forecasting
Financial markets demand proper regression models to forecast volatility and trends. Wilson and Thompson [7] noted that RFR performed consistently better than LR and DTR as predictors of economic indicators and stock prices, mainly because it is an ensemble model, therefore minimising the variance.

3.6 Advances and Future Directions
New developments in machine learning led to the creation of hybrid approaches using the combination of several regression models to give the best possible performance. Techniques such as Gradient Boosting Machines (GBM) and Extreme Gradient Boosting (XGBoost) demonstrate significant improvement compared to traditional regression models [23]. Deep learning regression models are quickly gaining popularity with high-dimensional unstructured data spaces.
Future studies will combine regression models with domain knowledge to increase their interpretability and trustworthiness, especially in sensitive domains like healthcare and finance.

Conclusion and Recommendations
The differences between Linear Regression, Decision Tree Regression, and Random Forest Regression reveal varying strengths and weaknesses:
• Linear regression is interpretable but has a hard time with nonlinear relationships.
•  Decision Tree Regression can handle non-linearity very well, but is prone to overfitting.
• Random Forest Regression gives the highest accuracy and stability, becoming the preferred approach for many real-world applications.
In conclusion, model selection depends on application requirements and the data type, not RFR. It surpasses LR in predictive ability and ease of generalisation. To put it briefly, LR, RFR, and DTR are all basic machine learning regression. Models have weaknesses as well as strong points. LR can be used with linearly related problems and has the advantage of interpretability. DTR can capture non-linear Relationships; however, it needs to be calibrated cautiously to avoid the risk of overfitting. RFR captures the capacity to combine multiple trees to achieve high predictive stability and accuracy, thus making it suitable for challenging prediction tasks. 
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