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Abstract: This study explores the industrial property market in Hong Kong, a sector characterized 

by its unique features and atypical market behaviour. Particularly, this research employs machine 

learning techniques to predict property prices based on a set of features, including location, square 

footage, floor level, accessibility to mass transit railway station and the like. To ensure transparency 

and understanding, the Shapley value is employed to quantify the relative importance of each 

feature in predicting property prices. Our analysis reveals the existence of non–linear relationships 

among these features, as demonstrated by the wide distribution of SHAP values for most features, 

which are illustrated in a beeswarm plot that span both sides of the baseline. This finding indicates 

a complex interaction among such features as square footage, age, floor level, carpark, proximity to 

mass transit railway stations, location, and property prices. The results contribute valuable insights 

into the relationships between industrial property characteristics and their corresponding values, 

thereby equipping stakeholders with enhanced understanding of the market to support informed 

decision–making. 
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Introduction 

The Hong Kong industrial property market has long been a subject of fascination and scrutiny, 

given its significant contributions to the city’s economy. First, a distinctive characteristic of the Hong 

Kong industrial property market is the price premium commanded by properties at lower floor 

levels. In contrast to residential properties, where higher floor levels typically offer more desirable 

views and living conditions, lower–floor industrial properties, especially those on ground floor, are 

valued more highly due to their proximity to loading and unloading points for container trucks. 

Businesses may be reluctant to pay premium prices for units with higher logistical costs, leading to 

lower prices for higher–floor units. This peculiarity has significant implications for property 

developers, investors, and occupiers who must navigate the complexities of industrial property 

pricing to make informed decisions. 

Second, the industrial property sector has exhibited a paradoxical phenomenon, where property 

developers have consistently produced large volumes of new industrial accommodations despite the 

longstanding trend of de–industrialization that began in the late 1970s. Hong Kong’s transformation 

from a low–cost, labour–intensive manufacturing base to a world–class financial and business centre 

has been a gradual process over the past six decades (Tang and Ho, 2014). Although manufacturing 

accounted for roughly 1% of GDP in 2021 (Hong Kong SAR Government, 2023), industrial 

accommodations have remained the second largest stock of floor space in the city, following 

residential properties. As reported by the Rating and Valuation Department (2024), in 2022, 

residential properties accounted for 62.84% of the total floor area, measuring 96.61 million square 

metres. This was followed by industrial properties at 16.79%, commercial properties at 12.10%, 

storage facilities at 3.95%, specialized factories at 3.40%, industrial/office mixed–use properties at 

0.55%, and office spaces at 0.36%. 
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This apparent contradiction between industrial property development and de–industrialization 

can be attributed to various factors, including the entrepreneurial decisions of local industrialists (Yeh 

and Ng, 1994), government policies (Sit, 1995), and changing global economic conditions. The 

manufacturing sector, once the driving force behind the economy, has undergone significant 

contraction since the late 1980s. The labor–intensive and low–cost manufacturing sector, which was 

prominent in the 1970s and 1980s, has been steadily shrinking in terms of employment and its 

contribution to GDP (Yeh, 1997). The number of manufacturing sector employees grew from 

approximately 766,230 persons in the first quarter of 1978 to around 942,820 persons in the second 

quarter of 1981. However, this figure subsequently declined to 91,800 persons in the fourth quarter 

of 2022 (Census and Statistics Department, 2024). The income share of the manufacturing sector as a 

percentage of GDP reached its peak at 28.3% in 1979, fell to 6% in 1998 and fell further to 1% in 2021 

(Census and Statistics Department, 2013; Hong Kong SAR Government, 2023). 

The majority of these industrial buildings are general–purpose industrial sheds, developed by 

property developers for sale or lease to individual occupiers, who can utilize them for a range of non–

polluting manufacturing activities, including non–specialist warehousing and storage (Tang and Ho, 

2014). This persistence of property development in this sector is noteworthy, particularly during the 

period between 1980 and 1997, when the trend of de–industrialization appeared to be irreversible. A 

possible explanation for this phenomenon lies in indirect evidence suggesting that these premises 

were used for industrial support functions and various office activities, such as administration, 

marketing, and packaging, which were not permitted under the prevailing planning regulations 

(Chau and Chan, 2008). 

Moreover, the city’s property developers continued to produce new industrial space due to the 

growing demand for non–industrial activities from the office sector. This demand was driven by the 

increasing need for flexible and adaptable workspaces, which industrial properties could 

accommodate (Adams 1990; Wood and Williams, 1992). The blurring of boundaries between 

industrial and office uses has led to a more complex property market, where industrial properties are 

being repositioned to meet the changing needs of occupiers (Daniels and Bryson, 2002). 

This phenomenon is further underscored by the observation that new industrial space 

production continued at a high level throughout the 1980s and into the mid–1990s, maintaining 

industrial rents at a relatively low and stable level compared to lower–grade offices. This suggests 

that the demand for industrial space was not only driven by manufacturing activities but also by 

other non–industrial uses, such as warehousing and storage (Tang and Ho, 2015). 

In response to rapid development pressure and economic restructuring, the government has 

commissioned various planning studies on redeveloping obsolete industrial properties since the 

1980s. However, government decisions to permit non–manufacturing uses in industrial premises 

were slow and incremental, reflecting a rigid bureaucratic approach to demarcating industrial and 

office uses. Since the mid–1990s, incremental policies have been implemented to relax development 

control restrictions, introduce new industrial land–use zones, and encourage adaptive re–use (Kee, 

et al., 2019; Kee and Chau, 2020) or more flexible uses of obsolete industrial space (Development 

Bureau, 2010). 

This paper aims to elucidate the complex dynamics governing industrial property prices in 

Hong Kong using advanced machine learning techniques. Specifically, we utilize Explainable AI 

(XAI) methods (Lundberg, et al., 2018), including Gradient Boosting Machines (GBM) and Shapley 

value analysis (Shapley, 1953), to identify the primary drivers of industrial property prices and 

provide valuable insights into the interplay between property characteristics, location, and market 

conditions. By leveraging these advanced machine learning methods, we aim to contribute to the 

limited knowledge on industrial property markets in Hong Kong, and present a novel approach to 

understanding this intricate and dynamic market. 

This paper is organized into five sections, which provide a comprehensive examination of the 

research methodology and findings. Section 2 presents a thorough review of the existing literature 

on machine learning algorithms, with a particular focus on Gradient Boosting Machines and Shapley 

values, as well as their applications in real estate valuation. Section 3 delves into the methodology 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 September 2024 doi:10.20944/preprints202409.0875.v1

https://doi.org/10.20944/preprints202409.0875.v1


 3 

 

employed in this study, providing a detailed exposition of the theoretical foundations of Shapley 

values, their application in decision–making under uncertainty, and their potential utilization in 

measuring the relative importance of each feature in predicting a given property price. Section 4 

presents the results of our analysis, accompanied by an interpretation of their implications for 

understanding the Hong Kong industrial property market. This section aims to provide insights into 

the complex dynamics governing industrial property prices in Hong Kong, shedding light on the 

factors that drive these prices and their impact on the market. Finally, Section 5 concludes with a 

summary of our findings, highlighting their relevance to the field of real estate research. The paper’s 

conclusions are drawn from an examination of the data and analysis, providing a comprehensive 

understanding of the Hong Kong industrial property market and its intricacies. 

Literature Review 

The application of machine learning algorithms, particularly gradient boosting machines, has 

become increasingly popular in the field of real estate prediction. This trend is driven by the ability 

of these algorithms to capture complex relationships between features and provide accurate 

predictions. One of the key advantages of gradient boosting machines (Friedman, 2001) is their ability 

to handle large datasets and high–dimensional spaces, making them well–suited for real estate 

prediction tasks. This literature review aims to explore the use of GBM in predicting real property 

prices and the employment of Shapley value to enhance model transparency. 

Several studies have utilized GBM to predict real property prices. Ho et al. (2021) employ a trio 

of machine learning algorithms, including support vector machine (SVM), random forest (RF), and 

gradient boosting machine (GBM), to predict residential property prices in Hong Kong and find that 

RF and GBM outperform SVM in terms of predictive power and error minimization. Sharma, et al. 

(2023) implement various machine learning algorithms, including Linear Regression (LR), GBM, 

Histogram Gradient Boosting Regressor, and Random Forest (RF) Regressor, and found that GBM 

generated high accuracy. 

Almaslukh (2020) propose an optimized model based on the GBM method for housing price 

prediction and achieved a root mean square error of 0.01167, outperforming other baseline machine 

learning models. Depner et al. (2023) use GBM to examine the accuracy and bias of market valuations 

in the U.S. commercial real estate sector, and find that it could capture structured variation in market 

values. 

However, machine learning models are often criticized for their lack of transparency, making it 

difficult to understand how they arrive at their predictions (Lenaers and de Moor, 2023). To address 

this issue, several studies have employed Shapley value–based methods to enhance model 

transparency. Neves, et al. (2024) use SHapley Additive exPlanations (SHAP) to clarify the influence 

of each feature on price estimates and foster enhanced accountability and trust in AI–driven real 

estate analytics. Lenaers and de Moor (2023) present a comparative study of six global XAI techniques 

on a CatBoost model for Belgian residential rent prediction and find that multiple techniques are 

necessary to comprehensively understand rents drivers. 

In conclusion, gradient boosting machine has been widely used in predicting real property 

prices due to its ability to handle complex relationships between features and provide accurate 

predictions. However, the lack of transparency in machine learning models has raised concerns about 

accountability and trust. The use of Shapley value–based methods, such as SHAP, has been shown 

to enhance model transparency and foster trust in AI–driven real estate analytics. Future research 

should continue to explore the application of machine learning algorithms in real estate price 

prediction and the development of more transparent machine learning models. 

Methodology 

Gradient boosting represents a sophisticated machine learning methodology that constructs a 

robust predictive model through the aggregation of multiple weak prediction models, predominantly 

decision trees. The fundamental principle underpinning this technique is the transformation of a 

weak learner—a model exhibiting suboptimal performance in predicting the outcome variable Y—

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 September 2024 doi:10.20944/preprints202409.0875.v1

https://doi.org/10.20944/preprints202409.0875.v1


 4 

 

into a strong learner. In each iteration, the boosting algorithm assigns uniform weights to all 

observations, with the primary objective of minimizing the discrepancies between the weak learner’s 

predictions and the actual values. The gradient boosting algorithm leverages the error rate to 

compute the gradient of the loss function, subsequently utilizing this gradient to ascertain the optimal 

adjustments to the model parameters at each iteration. This iterative process is executed m times, 

where m represents a hyperparameter predetermined by the data scientist. The target variable Y is 

presumed to be a continuous, real–valued quantity. The objective of this approach is to construct an 

approximation ���(�)� to the weighted summation of functions derived from weak learners �ℎ�(�)�. 

The methodology’s efficacy stems from its ability to incrementally refine predictions through the 

sequential addition of weak learners, each addressing the residual errors of its predecessors. This 

process, guided by the gradient of the loss function, facilitates the development of a highly accurate 

composite model capable of capturing complex, non–linear relationships within the data. 

��(�) = � + � ��ℎ�(�) 

�

��1

                    (1) 

Equation (2) is utilized to seek an approximation that minimizes the average value of the loss function 

over the training set, and commence with a model comprising a constant function, and subsequently 

transform it into Equation (3): 

�0(�) =  arg min
�

� �(��, �) 

�

��1

                            (2) 

��(�) = ���1(�) + arg min
ℎ�∈ℋ

�� ����, ���1(��) + ℎ�(��)�

�

��1

�                             (3) 

ℎ� ∈ ℋ  represents a base learner function where h denotes the optimal function at each step. 

However, it is not feasible to precisely determine the optimal function h that minimizes the loss 

function L, as noted by Swathi and Shravani (2019). To address this minimization problem, data 

scientists can utilize a steepest descent approach. Under the assumption that ℋ is the set of arbitrary 

differentiable functions on ℝ, the model can be updated according to the following equations: 

��(�) = ����(�) − �� � ∇����
����, ����(��)�                          (4)

�

���

 

�� = arg min
�

� � ���, ���1(��)  −  �∇���1
����, ���1(��)��

�

��1

                       (5) 

where the derivatives are taken with respect to the functions ��  for � ∈ {1, . . . , �}, ��  is the step 

length. 

While this methodology offers a viable approach to the minimization problem, it is imperative 

to recognize that the estimation of a GBM inherently yields an approximation rather than an exact 

solution. The efficacy of the model can be rigorously assessed through a comprehensive evaluation 

framework encompassing multiple performance metrics. Primarily, the coefficient of determination 

�� calculated for the test set provides a quantitative measure of the model’s explanatory power. This 

metric elucidates the proportion of variance in the dependent variable that is predictable from the 

independent variables. Furthermore, a suite of error metrics offers nuanced insights into the model’s 

predictive accuracy. First, Mean Absolute Error (MAE) quantifies the average magnitude of errors in 

a set of predictions, without considering their direction. Second, Mean Squared Error (MSE) penalizes 

larger errors more heavily by squaring the errors before averaging, providing sensitivity to outliers. 

Third, Mean Absolute Percentage Error (MAPE) expresses accuracy as a percentage, offering a 

relative measure of prediction accuracy. Fourth, Root Mean Squared Error (RMSE) as the square root 

of the MSE, this metric provides a measure of the standard deviation of the residuals, maintaining 

the same units as the response variable. The collective analysis of these metrics facilitates a 
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comprehensive evaluation of the model’s performance, enabling researchers to ascertain its 

predictive capabilities and limitations within the context of the specific problem domain. 

��� =
��ℎ��(�)� − �(�)��

�
                                     (6) 

��� =
1

�
��ℎ��(�)� − �(�)�

2
�

i�1

                                   (7) 

���� =
100%

�
� |

�ℎ��(�)� − �(�)�

�(�)
|

�

i�1

                                  (8) 

���� = �
1

�
�(ℎ(�(�)) − �(�))2

�

i�1

                                 (9) 

where ℎ��(�)�  and �(�)  represent the predicted value and actual value of the target variable Y, 

respectively; and m represents the number of observations in the test data. 

Properly tuned hyperparameters can significantly improve a model’s accuracy, efficiency, and 

robustness, enabling it to better capture the underlying patterns in the data and make more reliable 

predictions. The hyperparameters associated with the model can be optimized using Optuna to 

further enhance the accuracy of the model. Kee and Ho (2024) have demonstrated that Optuna 

completes the hyperparameter tuning process not only 5.58 to 70.50 times more rapidly than the 

random search and grid search when applied to Random Forest and Gradient Boosting Machine 

algorithms, but also achieved superior performance in terms of standard evaluation metrics on the 

test set. Optuna is a powerful Bayesian optimization library in Python that can be used to tune 

hyperparameters of machine learning models. It uses a probabilistic approach to search for the 

optimal hyperparameters, which is based on Bayesian inference. 

When using Optuna, we define an objective function that evaluates the performance of the 

model with different hyperparameters. Then, Optuna creates a prior distribution over the 

hyperparameter space and iteratively samples from the prior distribution and evaluates the objective 

function for each set of hyperparameters. The posterior distribution is updated based on the observed 

performance, and the process is repeated until convergence or a stopping criterion is reached. 

Hyperparameters are essential to determine the performance and ability to generalize of machine 

learning models. 

In the final step, this study employs the SHapley Additive exPlanations (SHAP) technique 

(SHAP, 2018), a cutting–edge method in Explainable Artificial Intelligence (XAI). SHAP is grounded 

in Shapley values (Shapley, 1953), a concept rooted in cooperative game theory that provides a 

consistent and locally accurate approach to interpreting model predictions (Lundberg, et al., 2020). 

The Shapley value is employed to fairly allocate the cumulative gain or payoff among the constituent 

features. In the context of machine learning, the features are regarded as the players in game theory, 

and the prediction output by the model serves as the payoff. The Shapley value ensures that each 

feature’s contribution to the prediction is precisely accounted for, thereby providing a fair 

representation of their relative importance. 

To compute the Shapley values, we employ the TreeExplainer, which complies with the axioms 

of additive feature attribution methods, which can be mathematically formalized as: 

�(�) = �0 + � ��                                                (10)

�

��1

 

where 

�(�) denotes the model’s prediction for the instance �.  

�� denotes the average prediction across all instances in the dataset (baseline value). 

�� denotes the Shapley value representing the contribution of feature � to the prediction. 

The Shapley value �� for feature � is computed using the equation (11): 

�� = �
|�|! (|�| − |�| − 1)!

|�|!
�⊆�\{�}

[�(� ∪ {�}) − �(�)]                               (11) 

where 
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� denotes the set of all features. 

� denotes a subset of features not including subset �. 

�(�) denotes the value function (the model prediction using features in subset �.) 

This formula encompasses all possible permutations of features, thereby ensuring a rigorous 

allocation of the prediction to each feature in accordance with its relative contribution. 

Data Definitions and Sources 

The dataset for our study initially encompasses 43,530 transaction records from 822 industrial 

buildings in Hong Kong, covering the period from January 2010 to September 2022. However, upon 

rigorous examination, we have identified and subsequently excluded over 2,000 property 

transactions involving resales, as well as numerous entries with missing values for features such as 

gross floor area. This refinement process results in a reduced sample of 38,699 observations from 777 

industrial buildings. To enhance the robustness of our analysis and mitigate the influence of outliers 

and potential data errors, we employ a trimming technique. Specifically, we remove the 5% of 

observations with the lowest and highest transaction prices. This data cleaning procedure yields a 

final dataset comprising 34,829 cross–sectional and inter–temporal observations from 680 industrial 

buildings. 

The dataset contains detailed information on individual industrial properties, including their 

locations, transaction dates, occupation permits, sale prices, square footage, floor levels, and other 

pertinent characteristics (e.g., the inclusion of parking spaces and common areas). This 

comprehensive data is maintained by the government and compiled by a commercial entity known 

as “EPRC.” To account for inflationary effects, we have adjusted the industrial property prices in our 

analysis using the industrial property price index published by the Rating and Valuation Department 

of the Hong Kong SAR Government. This adjustment ensures that our price comparisons across 

different time periods are meaningful and reflect real changes in property values. Our data 

definitions are as follows: 

�� represents the transaction price of industrial buildings measured in HK$ million which is 

deflated by the official industrial property price index published by the Rating and Valuation 

Department, HKSAR. 

��� represents the gross floor area measured in square feet. 

��� represents the property age at the time of the transaction which can be measured by the 

difference between the date of issue of the occupation permit and the date of transaction. 

�� represents the floor level of an industrial property. 

�� is a dummy variable that equals 1 if an industrial property is located at the ground floor, 0 

otherwise. 

��  is a dummy variable that equals 1 if an industrial property is sold with a storeroom, 0 

otherwise. 

�� represents the number of carparks sold with an industrial property. 

�� is a dummy variable that equals 1 if the common area associated with an industrial property 

that is managed by its owner, 0 otherwise. 

��� represents the walking time from the property to the nearest MTR station measured in 

minutes. 

���, �� and �� are a dummy variable that equals 1 if an industrial property is located at the 

specific location, 0 otherwise. 

Exploratory Data Analysis 

Exploratory data analysis (EDA) is a crucial preliminary step in statistical research, focusing on 

the examination and summarization of datasets to uncover patterns, trends, and characteristics prior 

to formal modeling or hypothesis testing. This approach employs both graphical and numerical 

methods to provide researchers with comprehensive insights into key data attributes. In our study, 

we utilize various EDA techniques to analyze property prices and associated features. 
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Figure 1 presents histograms for each feature, offering approximate evaluations of their 

probability distributions by displaying the frequencies of observations within specific value ranges. 

Figure 2 illustrates a correlation matrix, revealing the linear relationships between all features in the 

dataset. Our analysis uncovers a strong positive correlation (r = 0.7) between footage area and 

property prices. Additionally, moderate correlations are observed between property prices and the 

following variables: NT (New Territories) location (r = 0.3), and age, car park availability (CP), and 

Hong Kong Island (HKI) location (each with r = 0.1). 

 

Figure 1. Completion, take–up, price and rental indices of industrial properties. 
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Figure 2. Histogram. 

Figure 3 provides a visual representation of the data presented in Figure 2, graphically 

illustrating the correlations between property prices and each explanatory variable. This 

visualization enhances the interpretability of the relationships identified in the correlation matrix. 

Table 1 presents a summary of descriptive statistics for the variables employed in this study. These 

statistics offer a concise overview of the dataset’s central tendencies, dispersions, and distributions, 

either representing the entire population or a sample thereof. This exploratory analysis serves as a 

fundamental basis for subsequent statistical modeling and hypothesis testing, ensuring that the 

chosen analytical approaches are appropriate and aligned with the underlying data characteristics. 
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Figure 3. Correlation matrix. 

 

Figure 4. Data visualization. 

Table 1. Descriptive statistics. 
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Results and Discussions 

In our study, we employ a robust cross–validation technique to assess the performance and 

generalizability of our machine learning models. Specifically, we implement a 5–fold cross–

validation approach, partitioning our dataset into five equal subsets or “folds.” The k–fold cross–

validation method is applied as follows: in each iteration, four of the five folds (constituting 80% of 

the total sample) are utilized as the training set, while the remaining fold (20% of the sample) serves 

as the test set for generating predictions. This process is repeated five times, with each fold serving 

once as the test set.  

This methodological approach offers several advantages. It enables a comprehensive evaluation 

of model performance across various subsamples of the data. Furthermore, it results in the 

development of five distinct models, each trained on a different subset of the data. Additionally, it 

allows for the assessment of each model’s predictive capability on previously unseen data. By 

employing this cross–validation strategy, we aim to mitigate overfitting and obtain a more reliable 

estimate of our models’ performance and generalizability. This approach is particularly valuable in 

scenarios where the available data is limited, as it maximizes the utility of the dataset for both training 

and evaluation purposes. 

The optimization of hyperparameters for the GBM model is conducted through an extensive 

iterative process utilizing five–fold cross–validation. Table 2 delineates the hyperparameter space 

explored and the optimal values identified for various GBM parameters. The hyperparameters 

subject to fine–tuning included, but are not limited to, n_estimators, min_samples_split, 

min_sample_leaf, max_features, and max_depth. The optimization procedure involved multiple 

iterations of the entire five–fold cross–validation process, with each iteration employing distinct 

model configurations. This comprehensive approach allowed for a thorough exploration of the 

hyperparameter space. Subsequently, a comparative analysis of all resultant models is performed to 

identify the most efficacious configuration. The optimization process is facilitated by Optuna, a 

hyperparameter optimization framework. This methodology yields impressive results, with the 

optimal model achieving a coefficient of determination (R²) of 0.90994 for the training set and 0.85724 

for the test set. These high R² values indicate a strong goodness of fit and predictive capability of the 

model. 

Table 2. Hyperparameter tuning by Optuna. 
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 Hyperparameter Space Optimal Hyperparameter 

criterion friedman_mse friedman_mse 

learning_rate 0.05, …, 0.1 0.09570197962103558 

loss squared_error squared_error 

max_depth 2, 3, …, 10 7 

max_features 2, 3, …, 10 10 

min_impurity_decrease 0.0, …, 0.5 0.15387572395325858 

min_samples_leaf 2, 3, …, 10 5 

min_samples_split 2, 3, …, 10 6 

min_weight_fraction_leaf 0.0, …, 0.5 0.00023156012710148983 

n_estimators 500, 510, …, 600 550 

subsample 0.3, …, 0.6 0.3360621753511389 

Further evaluation of the model’s performance is conducted using multiple metrics. For the 

training set, the Mean Absolute Error (MAE) is 0.09041, the Mean Squared Error (MSE) is 0.01879, the 

Mean Absolute Percentage Error (MAPE) is 14.46240%, and the Root Mean Squared Error (RMSE) is 

0.13708. The test set exhibited similar performance, with the MAE of 0.10704, MSE of 0.03051, MAPE 

of 16.49385%, and RMSE of 0.17467. The proximity of these evaluation metrics between the training 

and test sets is noteworthy. The marginal differences observed suggest that the model exhibits good 

generalization capabilities, effectively balancing bias and variance. This balance is crucial in machine 

learning models, as it mitigates the risks of overfitting or underfitting. 

The absence of significant discrepancies between the training and test set evaluation metrics 

provides strong evidence that the model has not experienced overfitting, where a model performs 

exceptionally well on training data but fails to generalize to unseen data. Simultaneously, the high R² 

values and relatively low error metrics for both sets indicate that underfitting, where a model fails to 

capture the underlying patterns in the data, is also not a concern. In conclusion, the hyperparameter 

optimization process, coupled with rigorous cross–validation and comprehensive performance 

evaluation, has resulted in a robust GBM model that demonstrates excellent predictive capabilities 

while maintaining good generalization performance across both training and test datasets. 

Figures 5 and 6 present the scatterplots of actual and predicted values of industrial property 

prices for both the training and testing datasets, respectively. In both plots, the actual and predicted 

values exhibit a strong correlation, with the majority of data points falling closely along the red line, 

indicating a good fit between the model’s predictions and the actual values. However, it is notable 

that there are some scattered points (whose actual values fall within the range of 1.5 to 2.2) that 

deviate significantly from the clustering of the majority of the data points. The strong correlation 

between the actual and predicted values suggests that the model has successfully captured the 

underlying patterns in the data, resulting in accurate predictions. The slight deviations from the 

clustering observed in some cases may be attributed to noise in the data or other factors that are not 

captured by the model. 
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Figure 5. Actual and predicted industrial property prices for the training set. 

 

Figure 6. Actual and predicted industrial property prices for the test set. 

The concluding phase of our analytical approach involves the application of SHAP values 

analysis to elucidate the predictive capabilities of industrial property prices. This analysis examines 

the relative importance of individual features and their influence on the model’s decision–making 

process, thereby providing profound insights into the factors driving real estate prices. To accomplish 
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this, we employ the TreeExplainer module within the SHAP framework to interpret the predictions 

of the GBM model by calculating SHAP values for the test dataset. These SHAP values serve as 

measures of feature importance, quantifying the positive or negative contribution of each feature to 

each individual prediction, thereby illustrating the impact of each feature on the model’s predictions. 

Figures 7 and 8 complementarily present the SHAP (SHapley Additive exPlanations) value 

analysis of the impact of features on the prediction of industrial property prices. These plots provide 

valuable insights into the most influential features for the model’s predictions and their effect on 

industrial property prices. Figure 7 depicts the SHAP summary plot, which presents a summary of 

the mean absolute SHAP values for each feature, which serves as an indicator of its overall 

significance in influencing the model’s predictions. The features are ranked according to their 

importance, with the length of the bar representing the mean absolute SHAP value for each feature, 

thereby indicating its significance. A higher value indicates a more substantial impact on the 

predicted outcomes while the color–coded bars display the mean absolute SHAP values for each 

feature. Unlike traditional feature importances, mean absolute SHAP values are more 

straightforward and intuitive, as they are presented in the same units as the target variable, 

specifically HK$ millions in our study. The analysis reveals that Gross Floor Area (GFA) is the most 

significant feature for the test set, with a SHAP value of 0.287960. A SHAP value of 0.287960 suggests 

that the GFA contributes approximately HK$287,960 to the predicted property prices for a given 

observation, inflation–adjusted. In contrast, common area (CA) is the least informative feature, 

contributing only HK$392 to each price prediction in the test set, inflation–adjusted. 

 

Figure 7. SHAP summary plot for the test set. 

Figure 8 presents the SHAP Summary plot (beeswarm), which visualizes the impact of each 

feature on the model’s prediction for individual instances. Each point represents a SHAP value for a 

feature and an instance, with high feature values colored magenta and low values colored red. The 

features are ordered according to the sum of SHAP magnitudes across all samples. Figure 8 is used 

to illustrate the distribution of SHAP values for each feature across all data points. The x–axis position 

represents the impact of each feature on the model’s output, with features that increase predictions 

located on the right and those that decrease predictions situated on the left. The color intensity of the 
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points corresponds to the feature’s value, with magenta indicating higher values and red indicating 

lower values. The distribution of points demonstrates the variability in the impact of each feature 

across different data points. 

 

Figure 8. SHAP beeswarm plot for the test set. 

The results of the SHAP analysis reveal that gross floor area (GFA) significantly influences 

property prices, exhibiting the highest average impact among the features examined. This finding 

emphasizes the pivotal role that the size of industrial property plays in the determination of its price. 

The analysis further uncovers the presence of non–linear relationships, as evidenced by the wide 

distribution of GFA’s SHAP values illustrated in the beeswarm plot, which extends across both sides 

of the baseline. This suggests a complex interaction between GFA and price. While it is well 

established that larger properties typically command higher prices—a trend that is intuitively 

recognized in the real estate market—the variability in SHAP values indicates that this relationship 

is not universally linear. Smaller properties can also achieve elevated prices depending on various 

additional factors. Conversely, a larger area does not automatically guarantee a corresponding 

premium in price. The observable variability along the x–axis of the beeswarm plot suggests that the 

influence of GFA on price is subject to considerable inconsistencies. This pattern indicates the 

presence of non–linear dynamics wherein the effect of GFA on price does not consistently correspond 

with the property’s size. In some cases, an increase in GFA may result in a proportionate rise in price 

predictions; however, in other instances, the impact may be less pronounced or even inversely 

related. Such variability likely reflects the influence of market trends, property location, and the 

desirability of specific attributes. 

The SHAP values for the features Kowloon (KL), property age (AGE), accessibility to MTR 

(MTR), Hong Kong Island (HKI) floor level (FL) and car park (CP), as depicted in the beeswarm plot, 

similarly extend across both sides of the baseline. This distribution suggests the existence of non–

linear dynamics, indicating that the effects of these features on property prices do not consistently 

correlate with their values. In certain instances, an increase in these features may lead to a 

proportionate rise in price predictions; however, in other cases, the impact can be less pronounced or 
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even inversely related. Such variability likely reflects the influence of market trends, the geographical 

location of properties, and the desirability of specific attributes. 

The SHAP value for the ground floor consistently appears on the right–hand side of the baseline, 

indicating a stable and positive influence of this feature on property prices. This consistent 

distribution suggests that industrial properties situated on the ground floor tend to command a price 

premium, highlighting the perceived value associated with this particular attribute. The favourable 

pricing of ground–floor locations may be attributable to several factors, including enhanced 

accessibility, increased visibility, and convenience for potential tenants or buyers, all of which 

contribute to the desirability of such properties in the industrial sector. 

In contrast, the SHAP values for features such as store room (SR) and common area (CA) are 

consistently found on the left–hand side of the baseline. This placement implies that industrial 

properties incorporating a store room or a common area are likely to experience a reduction in their 

price, suggesting that these attributes may be viewed less favourably in the context of property 

valuation. The presence of these features could indicate a compromise on space efficiency or could 

detract from the market appeal of the property, leading to price concessions. This disparity in SHAP 

values between ground floor locations and the presence of store rooms or common areas underscores 

the complexity of buyer preferences and market dynamics that influence property pricing in the 

industrial real estate sector. 

Conclusions 

In conclusion, this study has employed machine learning techniques to investigate the dynamics 

of the industrial property market, a sector characterized by atypical market behavior. The results 

demonstrate that the utilization of SHapley Additive exPlanations (SHAP) provides transparency to 

the model’s decision–making processes, enabling the identification of critical predictors of real estate 

values. Specifically, proprietary data regarding property size and precise location emerge as 

significant factors, while open data variables related to accessibility to mass transit railway stations 

captures the contextual nuances of a property’s environment. 

The practical implications of these findings are far–reaching for urban planners and 

policymakers. The integration of diverse data sources can refine urban development strategies by 

ensuring they are grounded in a comprehensive understanding of the factors influencing real estate 

values. This approach supports informed decision–making that promotes sustainable and equitable 

growth, enabling more targeted and effective urban planning policies that address the evolving needs 

and trends of the real estate market. 

Furthermore, this study underscores the importance of transparency in AI–driven analytics. The 

use of tools such as SHAP heatmaps enhances model accountability and serves as a bridge for 

communication with non–technical stakeholders, rendering complex AI assessments more accessible 

and comprehensible. As the use of machine learning algorithms becomes increasingly prevalent in 

urban planning and policy–making, it is essential to prioritize transparency and accountability to 

ensure that these tools are used in a responsible and ethical manner. 

This research contributes to the growing body of literature on real estate and urban economics 

by shedding light on the complexities of the industrial property market. The findings have significant 

implications for policymakers, developers, and other stakeholders seeking to understand the 

dynamics of this market. Future research could build upon this study by exploring other machine 

learning techniques and their applications in urban planning and policy–making. 

Appendix A. SHAP Dependency Plots 

This appendix presents a series of SHAP dependency plots intended to clarify the relationships 

between specific features and the model’s outputs. Each plot illustrates the variation in SHAP values, 

which reflect the contribution of individual features to the overall prediction, as the values of these 

features fluctuate. The visualizations presented in this section are essential for understanding the 

model’s behavior and the role of distinct features in influencing its predictions. 
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Figure A1. SHAP value for GFA. 

 

Figure A2. SHAP value for KL. 
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Figure A3. SHAP value for MTR. 

 

Figure A4. SHAP value for HKI. 
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Figure A5. SHAP value for FL. 

 

Figure A6. SHAP value for GF. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 September 2024 doi:10.20944/preprints202409.0875.v1

https://doi.org/10.20944/preprints202409.0875.v1


 19 

 

 

Figure A7. SHAP value for CP. 

 

Figure A8. SHAP value for SR. 
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Figure A9. SHAP value for CA. 
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