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[bookmark: _Toc197024444]Introduction:
· [bookmark: _Toc197024445]Context and background
House price prediction plays a key role in the real estate industry, supporting a wide range of stakeholders, including homebuyers, sellers, real estate agents, and investors, by providing data-driven insights for decision-making [1]. Machine learning (ML) models such as Support Vector Regression (SVR), Artificial Neural Networks (ANN), and Extreme Gradient Boosting (XGBoost) have demonstrated superior accuracy in predicting house prices by leveraging diverse attributes like location (e.g., proximity to city centres), structural features (e.g., number of bedrooms, square footage), and economic factors (e.g., interest rates, regional income levels) [2]. For example, studies in regions like Jakarta and Melbourne have shown the effectiveness of ML models in capturing these attributes for accurate predictions [1], [3]. Despite their predictive power, these models are often considered black-box systems, meaning their internal decision-making processes are not easily interpretable. This can erode trust among non-technical stakeholders who rely on understanding the rationale behind predictions [4], [5]. Explainable AI (XAI) has emerged as an essential solution to this challenge, offering techniques to make ML models more transparent by providing interpretable insights into how predictions are made [4]. The real estate market in the UK is shaped by unique factors such as regional economic disparities, housing policies, and urban development trends, making accurate and transparent predictions especially valuable for local stakeholders [3], [6]. For instance, understanding how location impacts house prices in cities like London versus rural areas can guide investment decisions. This research aims to integrate XAI into house price prediction models to enhance their interpretability, thereby fostering stakeholders' trust and ensuring AI's ethical deployment in real estate [4].
· [bookmark: _Toc197024446]Research Problem
Machine Learning models are highly accurate in predicting house prices. However, they suffer from a lack of interpretability, which hinders their practical adoption in real-world scenarios where transparency is essential [2], [4]. Stakeholders such as real estate agents and homebuyers need clear explanations of predictions to make informed decisions, such as determining a fair market price or assessing investment risks [5]. Without such transparency, these models may be perceived as unreliable, particularly in high-stake domains like real estate, where financial decisions have significant consequences [4]. Moreover, the existing literature predominantly focuses on optimizing model performance metrics like accuracy, often overlooking the critical need for explainability and stakeholder trust [2]. This gap is especially pronounced in the UK context, where regional variations, demographic factors, and economic policies complicate house price predictions. However, transparency in AI models remains under-addressed [3], [6]. There is also a lack of emphasis on ethical considerations, such as mitigating biases in predictions that may arise from over-reliance on specific features like location [4].
· [bookmark: _Toc197024447]Research Aim and Objectives
This research aims to develop an explainable machine learning model for house price prediction in the UK, utilizing XAI techniques such as LIME and SHAP to enhance transparency and trust among stakeholders, including real estate agents, homebuyers, and policymakers, by providing actionable insights into the factors driving predictions in a region-specific context [3], [4], [5], [6]. To achieve this, the study will: (1) develop and evaluate a house price prediction model using ML techniques, including XGBoost and Random Forest, to achieve high predictive accuracy while handling diverse features specific to the UK real estate market [2], [3]; (2) apply XAI methods, specifically LIME and SHAP, to generate interpretable explanations for the model’s predictions, making the decision-making process accessible to non-technical stakeholders and comparing the effectiveness of these techniques [4], [7]; and (3) assess the impact of XAI on stakeholder trust and decision-making in the UK real estate market, focusing on how transparent explanations influence the confidence of real estate agents, homebuyers, and policymakers in using the model’s predictions [5], [6].
· [bookmark: _Toc197024448]Significance of the research
This research addresses the critical gap between predictive accuracy and interpretability in house price prediction, offering a balanced technique that prioritizes both performance and transparency [2]. By integrating XAI, the study ensures that stakeholders understand the reasoning behind predictions. This is important for building trust and ensuring ethical AI practices in a domain where decisions have substantial financial implications [5]. The focus on the UK market is particularly significant, as it tackles region-specific challenges such as economic variability, housing policies, and urban-rural disparities, making the findings directly applicable to local stakeholders like real estate professionals and policymakers [3], [6]. Additionally, this study contributes to the broader field of XAI by showcasing its practical application in real estate, potentially paving the way for broader adoption of transparent AI systems in other high-stake industries [4].
[bookmark: _Toc197024449]Literature Review:
House price prediction is a well-established area of research with significant implications for the real estate sector, influencing economic planning and individual investment decisions [1]. Predictive models typically aim to estimate house prices by analysing a range of attributes, including locational factors (e.g., proximity to amenities), structural characteristics (e.g., size, age of the property), and economic indicators (e.g., inflation rates) [2]. Traditional statistical approaches, such as linear regression, have been widely used in the past due to their simplicity and interpretability [1]. However, these methods often struggle to capture the non-linear relationships and interactions between features that are common in complex real estate datasets, leading to suboptimal predictive performance [2]. The origin of machine learning has revolutionized this field by introducing models capable of handling high-dimensional data and modelling non-linear patterns. These advancements have resulted in more accurate predictions that better reflect real-world market dynamics, providing reassurance and confidence in the progress of the field [1], [2].
Machine learning techniques have become the preferred approach for house price prediction because they can handle complex datasets and deliver high accuracy [1]. Zulkifley et al. conducted a comprehensive survey and identified Support Vector Regression (SVR), Artificial Neural Networks (ANN), and Extreme Gradient Boosting (XGBoost) as some of the most efficient models for this task [2]. SVR is particularly effective for smaller datasets, as it maps data into a higher-dimensional space to capture non-linear relationships, often achieving robust performance with minimal overfitting [2], [8]. Inspired by the human brain’s neural structure, ANN excels at modelling intricate patterns in large datasets, making it ideal for house price prediction where features like location and structural attributes interact in complex ways [2], [9]. XGBoost leverages ensemble learning to combine the predictions of multiple decision trees, reducing overfitting and improving accuracy, which makes it highly suitable for real estate applications [2], [10]. Random Forest, another ensemble method, has also been used effectively, as demonstrated in studies in regions like Jakarta, where it provided accurate predictions by capturing feature interactions [1], [11]. These models typically rely on features such as location, number of bedrooms, and economic indicators, with prior studies noting that locational attributes often influence house prices most, especially in diverse markets like the UK [2], [3].
Despite the predictive power of ML models, their black-box nature poses a significant challenge, as it obscures the reasoning behind their predictions, which is crucial for building trust and ensuring practical adoption [4], [12]. Explainable AI (XAI) handles this issue by offering a suite of techniques designed to make ML models more transparent, letting users understand the factors driving predictions [4], [12]. Dwivedi et al. describe XAI as a set of methods that enhance the interpretability of ML models, ensuring that both technical and non-technical users can comprehend model behaviour [12]. This is particularly critical in high-stakes domains like real estate, where stakeholders such as buyers and agents need to trust model outputs to make informed financial decisions [4], [5]. Machlev et al. categorize XAI techniques into model-agnostic and model-specific methods, noting that model-agnostic approaches are versatile and can be applied to any ML model, making them ideal for diverse applications [4].
A variety of XAI techniques have been developed to improve model interpretability, each offering unique benefits for understanding ML predictions [12]. Local Interpretable Model-agnostic Explanations (LIME) is a popular method that provides local explanations by approximating a black-box model’s behaviour around a specific prediction, making it easier for users to understand how individual features contribute to the outcome [6]. SHAP (SHapley Additive exPlanations), another widely used technique, leverages game theory to assign importance scores to features, offering both local and global insights into model behaviour [6]. Bhattacharya highlights that LIME and SHAP are human-interpretable and model-agnostic, making them well-suited for house price prediction datasets, which often involve tabular data with features like location and size [6]. Dwivedi et al. emphasize SHAP’s effectiveness for complex models like XGBoost, as it can provide detailed feature contribution analyses that reveal the underlying drivers of predictions [12]. Other XAI methods, such as influence-based techniques (e.g., feature importance maps) and example-based approaches (e.g., counterfactual explanations), also contribute to interpretability by offering intuitive ways to explore model behaviour [6].
The literature on house price prediction has extensively explored ML models, but it often prioritizes predictive accuracy over interpretability, leaving a significant gap in addressing transparency needs [1], [2]. Zulkifley et al., for instance, focus on evaluating the performance of models like SVR, ANN, and XGBoost, but they do not discuss how to make these models interpretable for stakeholders [2]. Furthermore, there is a lack of research on applying XAI techniques to house price prediction in the UK, where regional factors such as economic policies, demographic variables, and housing regulations introduce unique challenges [3], [6]. While XAI methods like LIME and SHAP are well-documented, their practical implementation in real estate remains limited, particularly in terms of addressing stakeholder trust and ensuring ethical AI deployment [5], [12]. This study aims to fill these gaps by integrating XAI into house price prediction and evaluating its impact on stakeholders.
The use of XAI in house price prediction is justified by the need to address the transparency gap, which is essential for making ML models trustworthy and usable for stakeholders like real estate agents, buyers, and policymakers [4], [5]. Techniques like LIME and SHAP enable both local and global explanations, allowing stakeholders to understand how features such as location or size influence house prices, which is critical for decision-making [6]. This approach not only enhances trust but also promotes ethical AI practices by providing visibility into potential biases in model predictions, such as over-reliance on certain features [12]. By focusing on the UK market, this research will demonstrate the practical benefits of XAI in a region-specific context, addressing local challenges like economic variability and contributing to the more expansive adoption of transparent AI systems in real estate [3], [6].
[bookmark: _Toc197024450]Research Design and Methodology:
· [bookmark: _Toc197024451]Research Design
This study adopts a Design Science Research (DSR) methodology to develop and evaluate an Explainable AI machine learning (ML) system for house price prediction in the UK, focusing on balancing predictive accuracy with interpretability. DSR is selected because it provides a structured framework for creating artifacts that address practical problems while contributing to theoretical knowledge, which aligns with the objective of enhancing transparency in real estate predictions through the integration of Explainable AI (XAI) [1], [2]. The DSR process consists of five key steps: (1) Problem Identification: Recognizing the lack of transparency in black-box ML models like XGBoost and Random Forest, which limits stakeholder trust in house price predictions [3], [4]; (2) Artifact Design: Developing an explainable ML system by integrating XGBoost and Random Forest with XAI techniques (LIME and SHAP) to deliver accurate predictions and interpretable explanations [5], [6]; (3) Implementation: Building and testing the artifact using a UK house price dataset, with ML models trained for prediction and XAI methods applied for interpretability [3]; (4) Evaluation: Assessing the artifact’s performance using regression metrics (MAE, MSE, R²) for accuracy and evaluating the explainability of LIME and SHAP through stakeholder feedback [1], [2]; (5) Reflection and Contribution: Using evaluation insights to refine the artifact and contribute to the literature on XAI applications in real estate, addressing transparency gaps [7]. This approach ensures that the research produces a practical solution for stakeholders such as real estate agents, homebuyers, and policymakers while advancing the theoretical understanding of XAI in house price prediction.
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· [bookmark: _Toc197024452]Research methods and Materials
[bookmark: _Toc197024453]Overview of Research Methods:
This study employs a quantitative research method to develop and evaluate an explainable ML system for house price prediction. Quantitative methods are appropriate for this research topic because they enable the systematic analysis of numerical data (e.g., house prices, structural features, economic indicators) using statistical and computational techniques, which are essential for training ML models and assessing their performance [2], [3]. The study focuses on developing predictive models (XGBoost and Random Forest) and applying XAI techniques (LIME and SHAP) to quantify their accuracy and interpretability, ensuring that the results are measurable and objective [6]. Additionally, a small qualitative component is incorporated during the evaluation phase, where stakeholder feedback (e.g., from real estate agents and homebuyers) is collected to assess the practical utility of XAI explanations, making this a mixed-methods approach with a primary quantitative focus [5]. This combination is justified as it allows the research to measure model performance and understand the human-centric impact of transparency on trust and decision-making in the UK real estate context [4], [5].
[bookmark: _Toc197024454]Research Strategy
The research strategy adopted is Software Development, which involves designing, implementing, and evaluating a software artifact—an explainable ML system for house price prediction. This strategy is appropriate for the selected topic because it facilitates the creation of a practical tool that addresses the transparency gap in ML-based house price prediction, directly aligning with the study’s aim of enhancing stakeholder trust through XAI [1], [7]. The Software Development process includes: (1) Requirement Analysis: Identifying the need for accurate predictions and interpretable explanations in the UK real estate market, based on the limitations of black-box ML models [2], [4]; (2) System Design: Developing a system that integrates XGBoost and Random Forest for prediction with LIME and SHAP for explainability, ensuring both accuracy and transparency [6]; (3) Implementation: Coding the ML models and XAI components using Python, training the models on a UK house price dataset, and generating explanations for stakeholders [3]; (4) Testing and Evaluation: Assessing the system’s performance using regression metrics and stakeholder feedback to ensure it meets the study’s objectives [1]. This strategy is well-suited for the research topic, as it allows for the iterative development and refinement of a software solution that can be practically applied in real estate while contributing to the academic understanding of XAI applications [7].
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[bookmark: _Toc197024455]System Design
The system design for this study consists of a modular architecture that integrates ML models with XAI techniques to achieve accurate and interpretable house price predictions. The architecture comprises three main components: (1) Data Preprocessing Module: This module handles the preparation of the UK house price dataset, including imputation of missing values (e.g., using mean substitution for numerical features), normalization of numerical features (e.g., scaling square footage to a 0–1 range), and encoding categorical variables (e.g., one-hot encoding for property type) to ensure compatibility with ML models [2], [3]. (2) Prediction Module: This module implements two ML models—XGBoost and Random Forest—for house price prediction. XGBoost uses ensemble learning with gradient boosting to optimize predictive accuracy. At the same time, Random Forest leverages multiple decision trees to capture feature interactions, which are well-suited for real estate data [1], [10]. (3) Explainability Module: This module applies LIME and SHAP to generate interpretable explanations for the predictions. LIME provides local explanations by approximating the model’s behaviour around specific instances (e.g., explaining why a house is priced at £300,000). At the same time, SHAP offers both local and global insights through feature importance scores and visualizations (e.g., summary plots showing location as the most influential feature) [6]. The system is designed to process tabular data, aligning with the structure of house price datasets, and outputs both predicted prices and explanations, ensuring stakeholders can understand the reasoning behind each prediction [5], [6].
[image: ]
[bookmark: _Toc197024456]Data Analysis and Evaluation Methods
Data analysis will involve training XGBoost and Random Forest models on the pre-processed UK house price dataset and applying XAI techniques to interpret their predictions. These models are selected due to their established significance in handling the complexities of house price prediction tasks. The dataset will be split into 80% training and 20% testing sets, with 5-fold cross-validation applied to ensure robust performance [2]. Model performance will be evaluated using standard regression metrics: Mean Absolute Error (MAE) to measure the average prediction error, Mean Squared Error (MSE) to penalize larger errors, and R-squared (R²) to assess the proportion of variance defined by the model [2]. Acceptable thresholds include an R² value greater than 0.80, indicating strong predictive capability [2]. For explainability, LIME, and SHAP will be compared using three criteria: (1) Fidelity, assessing how well each method approximates the model’s behaviour; (2) Interpretability, evaluating how easily stakeholders understand the explanations; and (3) Stakeholder Impact, measuring the practical utility of explanations in enhancing trust and decision-making [6].
[bookmark: _Toc197024457]Materials
[bookmark: _Toc197024458]Details of Research Data
The research data consists of a UK house price dataset, encompassing locational factors (e.g., proximity to city centres, access to public transport), structural features (e.g., number of bedrooms, square footage, age of the property), and economic indicators (e.g., interest rates, regional income levels, employment rates) [3], [15]. Data Source: The data will be sourced from publicly available repositories such. The chosen data will be justified as it includes diverse features identified in prior studies as critical for house price prediction, ensuring the models can capture complex patterns [2], [3]. Ethical Considerations: The dataset will be anonymized to remove personal identifiers, ensuring compliance with GDPR and protecting individual privacy [7]. The research team is committed to addressing ethical implications, such as potential biases in the data (e.g., overemphasis on urban areas), using XAI to identify and address such issues, and promoting fairness in predictions [6].
[bookmark: _Toc197024459]Software
The study will utilize the following software tools: (1) Programming Languages and Libraries: Python will be the primary language, leveraging libraries such as Pandas and NumPy for data preprocessing, Scikit-learn for implementing Random Forest, XGBoost for the XGBoost model, and LIME and SHAP for explainability [6], [10]. Matplotlib and Seaborn will generate visualizations like SHAP summary plots and LIME feature importance plots [6]. (2) Data Analysis Software: Jupyter Notebooks or Google Colab will be used as the development environment to facilitate interactive coding, analysis, and visualization [2]. These tools are selected for their robustness, widespread use in ML research, and compatibility with the study’s objectives of building and interpreting ML models [2], [6].
[bookmark: _Toc197024460]Expected outcome:
The machine learning models, XGBoost and Random Forest, are expected to deliver high predictive accuracy for house price prediction in the UK based on their established performance in prior studies and their suitability for real estate datasets [1], [2]. XGBoost is anticipated to outperform Random Forest slightly due to its ensemble learning approach, which uses gradient boosting to optimize predictive accuracy and minimize overfitting [10]. Specifically, XGBoost is expected to achieve a higher R-squared (R²) value, reflecting its ability to capture complex patterns in the UK house price dataset, such as interactions between locational factors (e.g., proximity to city centres) and economic indicators (e.g., interest rates) [2], [10]. Random Forest, which leverages multiple decision trees to average predictions and handle feature interactions, is expected to achieve a slightly lower but still robust R², as demonstrated in studies in regions like Jakarta [1]. The Mean Absolute Error (MAE) for both models is projected to be within 5–8% of the average house price, indicating reliable predictions for practical use [2].
[bookmark: _Toc197024461]Interpretability Insights for Stakeholders
The application of LIME and SHAP to XGBoost and Random Forest is expected to provide detailed and actionable insights into house price predictions, significantly enhancing transparency for stakeholders such as real estate agents, homebuyers, and policymakers [4], [5]. LIME will offer local explanations by focusing on individual predictions, highlighting the contribution of specific features to a given house price [6]. SHAP will provide local and global insights, with summary plots revealing the overall importance of features across the dataset (e.g., location contributing 40% to predictions) and force plots explaining specific predictions in detail [6]. For instance, SHAP might indicate that a high predicted price for a property is driven primarily by its location and square footage, with economic factors like interest rates having a minor impact. The comparison of LIME and SHAP is expected to reveal that SHAP offers more comprehensive global insights, which are valuable for understanding market-wide trends (e.g., the dominant role of location in UK house prices). At the same time, LIME is more instinctive for explaining individual predictions based on stakeholder feedback [6], [7]. By enhancing stakeholder confidence in the models, this dual approach will ensure they can understand specific predictions and broader market dynamics [5].
[bookmark: _Toc197024462]Impact
Integrating XAI techniques with XGBoost and Random Forest is expected to have a transformative impact on stakeholder trust and decision-making in the UK real estate market, addressing the need for transparency in AI-driven predictions [4]. Real estate agents are likely to find the explanations generated by LIME and SHAP invaluable for justifying house price valuations to clients, as these methods will clearly illustrate how factors like proximity to city centres, number of bedrooms, or economic indicators influence predictions [5], [6]. Homebuyers are expected to benefit from greater trust in the model’s recommendations, as understanding the rationale behind predicted prices (e.g., why a house is priced at £300,000) will empower them to make informed purchasing decisions [5]. Policymakers may leverage the global insights from SHAP to identify broader market trends, such as the impact of regional economic policies or housing regulations on house prices, which could inform policy adjustments to address affordability issues [7]. The comparative analysis of LIME and SHAP is expected to demonstrate that a combination of local and global explanations best meets the needs of diverse stakeholders, fostering ethical and informed decision-making by ensuring transparency and reducing the risk of biased predictions [6], [15].
[bookmark: _Toc197024463]Limitations
This study, while aiming to develop an explainable ML system for house price prediction in the UK using XGBoost and Random Forest, is expected to face several limitations that may impact its outcomes and generalizability. First, the availability and quality of UK-specific house price data may pose a challenge. Although the dataset will include locational, structural, and economic features, publicly available data from sources like the UK Land Registry may have missing values, inconsistencies, or limited granularity (e.g., lack of detailed neighbourhood-level data), which could affect the models’ predictive accuracy and the reliability of XAI explanations [3], [15]. For example, if key features like crime rates or school quality are unavailable, the models may fail to capture important drivers of house prices, leading to less accurate predictions [2].
Second, the computational complexity of XAI techniques like SHAP may present a limitation. SHAP, while providing comprehensive global and local explanations, is computationally intensive, especially for large datasets or complex models like XGBoost, which could slow down the analysis or require more advanced hardware than anticipated (e.g., a GPU) [6], [10]. This could limit the scalability of the system in real-world applications where rapid predictions and explanations are needed, such as real-time decision-making by real estate agents [4].
Third, model biases and interpretability challenges may persist despite the use of XAI. XGBoost and Random Forest, while robust, may still exhibit biases if the training data over-represents certain regions (e.g., urban areas like London) or demographics, potentially leading to unfair predictions for rural or less affluent areas [15]. Although LIME and SHAP aim to mitigate this by providing transparency, they may not fully eliminate biases, and their explanations might be difficult for some non-technical stakeholders to interpret without additional training or simplified visualizations [6], [7]. 
Fourth, the UK-specific context introduces unique challenges that may limit the generalizability of the findings. The UK real estate market is influenced by region-specific factors such as economic disparities, housing policies, and urban-rural divides, which may not be fully captured in the dataset or adequately modelled by XGBoost and Random Forest [3], [15]. As a result, the system’s performance and explanations may be less applicable to other regions with different market dynamics, such as markets in Australia or the US [3]. Additionally, temporal changes in the UK market, such as shifts in interest rates or new housing regulations, may not be reflected in historical data, potentially reducing the models’ relevance over time [15].
Finally, the stakeholder feedback process for evaluating XAI explanations may face limitations. Collecting feedback from real estate agents, homebuyers, and policymakers may be constrained by sample size, availability, or diversity, which could bias the evaluation of LIME and SHAP’s effectiveness [5]. For example, if most participants are urban-based agents, their feedback might not reflect the needs of rural stakeholders, limiting the ability of study to assess the system’s broader impact [15]. These limitations highlight areas for future research, such as exploring more diverse datasets, optimizing XAI methods for scalability, and developing user-friendly interfaces for non-technical stakeholders.
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