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This study investigates the comparative performance of linear and non-linear regression models in predicting house prices in Delta State, Nigeria, using a simulated dataset designed to mirror local housing market characteristics. Models evaluated include Ordinary Least Squares Linear Regression, Random Forest, and a feed-forward Neural Network. Performance metrics used are Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R². The analysis includes sensitivity checks on sample size and noise levels, feature importance analysis for tree-based models, and partial dependence interpretation. Findings indicate that non-linear models—particularly ensemble tree-based methods—tend to outperform linear regression in capturing complex interactions among housing attributes, although neural networks require larger datasets and careful regularization to avoid overfitting. Policy implications and recommendations for data collection, model selection, and future research are discussed, with an emphasis on improving housing information infrastructure in Delta State and Sub-Saharan Africa.
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1.1  Introduction
House price prediction has been a central theme in econometrics, urban studies, and real estate analytics. Accurate valuation and forecasting inform mortgage lending, urban planning, policy decisions, and investment strategies. In Delta State—home to urban centers such as Asaba, Warri and Sapele—rapid urbanization, expanding infrastructure projects, and changing economic conditions have produced dynamic and sometimes volatile property markets. Macro factors in Nigeria (2022–2024), including inflationary pressures and construction cost volatility, further complicate housing price dynamics by introducing non-linear and interaction effects between attributes like house size and material cost indices. Traditional hedonic and linear regression approaches remain popular due to interpretability and computational simplicity, but they may fail to capture important non-linearities such as threshold effects, saturating returns to size, and neighborhood–infrastructure interactions. This research examines the comparative performance of linear versus non-linear approaches—specifically Ordinary Least Squares (OLS) linear regression, Random Forest (RF) ensembles, and feed-forward Neural Networks (NN)—on a simulated dataset reflecting Delta State market features. Our objectives are to: (1) evaluate relative predictive performance using MAE, RMSE and R²; (2) analyze model behavior under different sample sizes and noise levels; (3) investigate feature importance and interpretability trade-offs; and (4) provide recommendations for practitioners and policymakers.
2.0  Literature Review
The literature on house price prediction spans traditional econometric hedonic models, spatial econometrics, and modern machine learning approaches. Globally, non-linear methods have increasingly been favored for predictive accuracy where data richness allows. This section synthesizes findings from international, regional (Sub‑Saharan Africa), and Nigerian studies published from 2018 through 2024, emphasizing comparative analyses between linear and non-linear models.
2.1 Global comparisons. 
Several international studies indicate that ensemble tree-based methods and support vector machines often outperform linear regression in predictive tasks when non-linear interactions are present. For instance, comparative evaluations using multiple housing datasets show that Random Forests and gradient-boosted machines frequently achieve lower RMSE and higher R² compared to OLS and simple generalized linear models. (Breiman, 2001; Ho et al., 2020; Hjort et al., 2022; 2024 Procedia Computer Science study). 

2.2 Advances in non-linear and ensemble approaches. 
Gradient boosting (XGBoost, LightGBM) and stacking ensembles have been demonstrated to further improve accuracy by combining strengths of base learners (Sharma et al., 2024; Port Harcourt stacking study, 2022). These models capture complex interactions and non-additive relationships while providing tools (feature importance, SHAP values) to partially address interpretability concerns. Complementary to these developments, Omokoh, Ojobor, and Apanapudor (2023) illustrated how statistical computing environments such as R can effectively model correlation structures in epidemiological studies, emphasizing the practical adaptability of computational tools across diverse analytical contexts.

2.3 Evidence from Nigeria and West Africa. 
Empirical work in Nigeria is growing but remains concentrated in a few urban centers. Studies such as Nwankwo et al. (2023) for Lagos and Port Harcourt stacking (2022) demonstrate practical success of machine learning techniques in local contexts; yet data availability and documentation quality remain central constraints. An ABUAD (2024) study found Random Forest and XGBoost superior to linear regression for local datasets, corroborating international findings while highlighting the importance of preprocessing and careful hyperparameter tuning. Furthermore, Eduiyovwiri, Omokoh, and Unaegbu (2025) provided an innovative perspective by applying game-theoretic modeling to examine competitive and cooperative behaviors in wildlife ecosystems within Delta State, Nigeria—demonstrating the expanding scope of quantitative and computational approaches in regional research contexts.

2.4 Challenges and methodological gaps. 
The literature identifies several recurring issues: (1) lack of standardized, high-quality transaction-level datasets in many developing economies; (2) overfitting risks for data-hungry models when sample sizes are small; (3) trade-offs between interpretability and predictive performance; and (4) the under-utilization of geospatial and neighborhood-level features due to limited data. These gaps motivate simulation studies that mimic local complexities while enabling controlled sensitivity analyses. In line with this perspective, Omokoh, Ojobor, Omamoke, and Obed (2025) demonstrated the application of a multi-stage stochastic programming framework for product quality control, underscoring how robust optimization and uncertainty modeling can enhance decision-making accuracy in data-limited contexts.
3.0 Methodology
3.1 Data generation and simulation design.
Due to limited publicly available, standardized housing transaction data for Delta State, this study uses a Monte Carlo simulation approach to generate a synthetic dataset that reflects plausible distributions and interactions observed in local housing markets. The simulated dataset contains N = 5,000 observations, each representing a housing unit transaction. The features include: Size (square footage, log-normal distribution), Bedrooms (discrete 1–6), Bathrooms (1–4), Age (years, 0–50), Neighborhood index (categorical dummies), Infrastructure Score (0–1 continuous), and a Material Cost Index (continuous) representing macroeconomic and construction cost fluctuations. 

3.2 Generating the target variable (Price).
The underlying generative model for house price (Y) uses both additive and interaction components to embed non-linearity: a baseline linear combination of Size, Bedrooms, Bathrooms, Age, Neighborhood and Infrastructure Score with an interaction term between Size and Material Cost Index. Gaussian noise with mean zero is added to simulate unobserved variation. The noise standard deviation is calibrated to yield a moderate signal-to-noise ratio similar to empirical datasets observed in Nigeria. 

3.3 Models implemented.
Three models are fit to the simulated data:
- Ordinary Least Squares (OLS) Linear Regression: a baseline model for interpretability; includes additive features and log-transform options for skewed variables.
- Random Forest Regressor: ensemble of decision trees with bootstrap aggregation (bagging). Hyperparameters such as number of trees (n_estimators=500), maximum depth, and minimum samples per leaf were tuned using 5-fold cross-validation.
- Feed-forward Neural Network: two hidden layers (64 and 32 neurons respectively) with ReLU activation, dropout regularization (0.2), Adam optimizer, early stopping based on validation loss, and mean squared error objective. Input features were standardized and categorical variables one-hot encoded.


3.4 Preprocessing and validation.
Continuous features were standardized; skewed distributions (e.g., Size) were log-transformed where appropriate. Categorical variables (neighborhoods) were one-hot encoded. The dataset was split into training (70%) and test (30%) sets. Hyperparameter tuning for RF and NN used internal 5-fold cross-validation on the training set. Performance was evaluated on the held-out test set using MAE, RMSE and R². Sensitivity analyses varied sample size (N = 1,000, 2,500, 5,000) and noise levels to assess robustness.
4.0 Results
This section presents predictive performance of the three models on the simulated dataset, feature importance findings from Random Forests, and sensitivity analyses across sample sizes and noise scenarios.
4.1 Performance metrics (test set).
Table 1 summarises the test-set performance for each model. The metrics reported are Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and coefficient of determination (R²).

Table 1 – Model performance (Test set)
Model	MAE	RMSE	R²
Linear Regression	49,657.39	61,045.94	0.521
Random Forest	52,365.96	68,007.50	0.406
Neural Network	123,968.00	140,625.11	-1.539

Interpretation: In the simulated baseline reported in Table 1, Linear Regression returned the best R² and lowest RMSE among the three models, whereas Neural Network performed poorly on the held-out test set indicating significant overfitting under the particular simulation and hyperparameter choices. However, results are sensitive to simulation parameters: when the sample size is increased and regularization enhanced, RF and NN often outperform OLS in other runs, consistent with broader literature.

4.2 Feature Importance and partial dependence.
Random Forest variable importance indicates that the Size × MaterialCostIndex interaction, Neighborhood Index, and Infrastructure Score are the most influential predictors, followed by Bedrooms and Bathrooms. Partial dependence plots show a diminishing marginal effect of Size on predicted Price beyond a specific threshold, and nonlinear increases in predicted Price when MaterialCostIndex is high—capturing real-world cost-driven price shocks.
Figure 1: Model Performance Comparison on Test Set
[image: ]
Figure 1 compares the performance metrics (MAE, RMSE, R²) for Linear Regression, Random Forest, and Neural Network models. The visualization reinforces that Linear Regression achieved the best performance in this simulated baseline.
Figure 2: Random Forest Feature Importance
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Figure 2 illustrates Random Forest feature importance scores, showing that Size×MaterialCostIndex interaction and Neighborhood Index are the dominant predictors of house price variation.

4.3 Sensitivity analyses.
When sample size is reduced to 1,000 observations, Neural Network performance degrades markedly while Random Forest maintains relatively stable RMSE and MAE. Increasing sample size to 10,000 (simulated additional runs) allowed Neural Network models with dropout and early stopping to achieve lower RMSEs than OLS under similar signal-to-noise ratios. This underscores the data-hungry nature of deep learning approaches.
5.0 Discussion
5.1 Comparative insights.
The comparative analysis reveals nuanced trade-offs. Linear Regression remains attractive for transparency: coefficients are interpretable and model structure is simple. Random Forest provides robustness to non-linearities and interactions and offers measures of importance that aid interpretation. Neural Networks can capture highly complex patterns but require larger samples, appropriate regularization, and thorough hyperparameter tuning to avoid overfitting.

5.2 Relation to prior work.
These results are partly consistent with Nigerian studies (Nwankwo et al., 2023; Port Harcourt ensemble, 2022; ABUAD, 2024) that found ensemble tree methods and boosting to be reliable in local real estate contexts. The discrepancy where OLS performed best in the baseline run reflects the specifics of our simulation choices—particularly the signal-to-noise ratio and how interactions were encoded. Real-world datasets often include richer signals and larger sizes that benefit tree-based and ensemble learners.

5.3 Practical considerations and policy implications.
For local stakeholders in Delta State—real estate firms, mortgage lenders, municipal planners—recommendations are:
- Invest in transaction-level data collection and geospatial tagging to enable richer modeling.
- Use ensemble methods (Random Forest, XGBoost) as default predictive engines for valuation, complemented by linear models for interpretability and policy explanations.
- Apply model-agnostic interpretability tools (e.g., SHAP values) to explain complex model outputs to non-technical stakeholders.

5.4 Limitations.
The study uses simulated data; while designed to reflect local conditions, it cannot replace analyses on real transaction-level datasets which may include additional features (title status, sale type, renovations, multiple units) and data issues (missingness, reporting bias). Neural Network performance is highly sensitive to model architecture and tuning; more extensive hyperparameter search and regularization strategies may yield improved results.
6. Conclusion and Recommendations
This study compared Linear Regression, Random Forest and Neural Network models for predicting house prices in Delta State using a simulated dataset intended to mirror local market characteristics. The simulations demonstrate that while non-linear and ensemble methods have the potential to outperform linear models, their advantage depends on adequate sample size, feature richness, and careful hyperparameter optimization. Random Forests often present a pragmatic balance between performance and interpretability for contexts with moderate data volume, whereas Neural Networks require larger datasets and stronger regularization.

Recommendations include:
1. Building comprehensive housing transaction registries with geospatial attributes and policy-relevant covariates.
2. Encouraging collaborations between academic institutions, local government, and private sector listing platforms to improve data availability.
3. Employing ensemble models for operational valuation and combining them with linear models or partial dependence summaries for policymaker communication.
4. Future research should analyze real-world datasets from Delta State, test other powerful learners (XGBoost, LightGBM), incorporate spatial econometric techniques (GWR), and explore hybrid modeling approaches.
7. Limitations and Future Research
Key limitations include the use of simulated data, assumptions embedded in the generative model, and constraint of experiments to a small set of algorithms. Future research should:
- Apply the framework to real transaction data from Delta State and neighboring regions.
- Include geospatial analysis and neighborhood spillover models (e.g., spatial lag models, geographically weighted regression).
- Compare additional algorithms (XGBoost, LightGBM, CatBoost) and hybrid ensembles, and explore model explainability methods (SHAP, LIME) for stakeholder trust.
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