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A B S T R A C T

The Energy Performance Certificate (EPC) is a key tool for advancing building energy efficiency across Europe. 
By offering standardized information on a property’s energy use, it shapes buyer and tenant preferences, 
influencing property values. This data-driven policy analysis assesses the EPC’s effectiveness.

To assess the impact of EPC on property prices in Turin, Italy, a comprehensive machine learning (ML) 
framework is employed. This framework includes unsupervised hierarchical clustering and supervised algorithms 
including Artificial Neural Networks (ANN), k-Nearest Neighbors (k-NN), Support Vector Regression (SVR), 
Random Forest (RF), and Gradient Boosting Machine (GBM). These techniques facilitate an in-depth analysis of 
the complex relationships between EPC ratings and property prices.

Furthermore, the integration of eXplainable Artificial Intelligence (XAI) enhances the transparency of these 
models, providing clear insights into how EPC ratings affect prices across different property sub-markets. By 
demystifying the decision-making processes of complex algorithms, this approach makes the findings more 
accessible to stakeholders.

The flexibility of this framework suggests that it can be applied to other European contexts, offering a valuable 
tool for policymakers aiming to craft more effective energy efficiency strategies.

1. Introduction

Due to significant energy consumption in the building sector, the EU 
introduced the Energy Performance Certificate (EPC) to benchmark 
energy efficiency and influence regulations (European Commission, 
2002). The revised Energy Performance of Buildings Directive (EPBD, 
EU/2024/1275) standardizes EPC across the EU by integrating in
dicators for both energy use and greenhouse gas emissions. This stan
dardization benefits building owners and tenants with clearer energy 
data that can enhance property value and reduce costs. Financial in
stitutions gain consistent metrics for assessing risks and opportunities in 
green financing (Brown et al., 2019; Raushan et al., 2024), while public 
authorities find it simplifies compliance monitoring and supports 
climate targets (European Commission, 2024).

The directive introduces a common A-G rating scale, with ‘A’ rep
resenting zero-emission buildings. Some Member States (MSs) may add 
an ‘A+’ rating for properties exceeding zero-emission standards. It 
mandates the inclusion of EPC in key property transactions, increasing 
their influence in the real estate market. Additionally, the EPBD requires 

national energy performance databases and building renovation pass
ports to enhance transparency and accountability for property owners 
(European Commission, 2024).

Sustainability is increasingly shaping the field of property appraisal, 
with growing research on how energy efficiency influences property 
valuations and how EPC policies affect consumer preferences (Owen 
et al., 2023; Schuitema et al., 2020; D’Alpaos and Bragolusi, 2018).

The hedonic pricing method (HPM) is widely used to assess the 
impact of EPC and international sustainability certifications like LEED, 
BREEAM, and Green Mark on property values. Studies consistently 
demonstrate a positive relationship between higher certification levels 
and increased property values, highlighting the economic benefits of 
enhanced energy performance and sustainable building practices 
(Barreca et al., 2021; Bisello et al., 2020; Cajias et al., 2019; Chegut 
et al., 2011; Copiello and Donati, 2021; Costa et al., 2018; Dell’Anna and 
Bottero, 2021; Deng et al., 2012; Fuerst et al., 2016b; Taltavull de La Paz 
et al., 2019; Tsai, 2022).

However, HPM has limitations, including its assumption of linearity 
and susceptibility to omitted variable bias. In contrast, machine learning 
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(ML) algorithms offer advanced solutions by handling large datasets and 
capturing complex, non-linear relationships between features and 
property values. This capability is particularly relevant for EPC ratings, 
which often have non-linear effects on market values (Cajias, 2021). 
Additionally, variations across different housing markets and 
geographic regions present challenges in evaluating EPC impacts, 
necessitating a more spatially aware approach (Dell’Anna, 2022; Mar
molejo-Duarte and Chen, 2019; McCord et al., 2020).

To address these challenges, this study proposes a flexible framework 
suitable for diverse European contexts, employing a dual approach to 
capture spatial complexities and non-linearity. Hierarchical clustering 
segments urban areas based on real estate characteristics, enabling 
detailed analysis of EPC impacts within each segment. After segmenta
tion, both the HPM and advanced ML techniques, including Artificial 
Neural Networks (ANN), Support Vector Regression (SVR), k-Nearest 
Neighbors (k-NN), Random Forest (RF), and Gradient Boosting Machine 
(GBM), are used to predict the effects of EPC ratings and other property 
attributes like location, size, age, and building type on property values. 
Addiotionally, eXplainable Artificial Intelligence (XAI) tools are 
employed to interpret the models predictions, providing insights into the 
influence of individual features on property value outcomes.

Applied to Turin, Italy, where the impact of EPC on property prices 
was previously analyzed using traditional methods, this framework in
corporates advanced ML and deep learning (DL) techniques to provide a 
more comprehensive understanding of how EPC ratings influence real 
estate prices, validating and refining earlier findings. This application 
enhances the credibility of ML techniques and demonstrates the 
framework’s adaptability to different European markets.

The paper is structured as follows: Section 2 reviews econometric 
and ML approaches used in real estate market analysis; Section 3 out
lines the proposed methodological framework; Section 4 presents the 
case study and results; and Section 5 discusses the implications of the 
findings for data-driven energy policy analysis.

2. Modelling the housing market through mass appraisal

2.1. Introduction to machine learning in real estate

ML, a branch of artificial intelligence (AI), enables systems to learn 
from data, recognize patterns, and make decisions with minimal human 
intervention. In the real estate sector, ML and DL techniques offer 
powerful tools for analyzing complex datasets, enhancing decision- 
making in property valuation, market analysis, and investment 
strategies.

ML applications in real estate include supervised learning, classifi
cation, and clustering, each suited to specific tasks. Supervised learning 
models, particularly regression algorithms, are widely used in property 
valuation. They leverage historical data to uncover relationships be
tween property characteristics and accurately predict prices (Ja’afar 
et al., 2021; Valier and Micelli, 2020).

Unsupervised learning techniques, such as k-means clustering, hi
erarchical clustering, and Density-Based Spatial Clustering of Applica
tions with Noise (DBSCAN), are essential for market segmentation. 
These methods identify homogeneous submarkets or clusters of prop
erties with similar characteristics, improving the precision of valuation 
models by accounting for local market variations (Al-Qawasmi, 2022; 
Mete and Yomralioglu, 2023; Murtagh and Contreras, 2012; Skovajsa, 
2023).

DL algorithms like ANN, Deep Neural Networks (DNN), and Con
volutional Neural Networks (CNN) offer enhanced capabilities for pro
cessing complex, high-dimensional data. DL helps capture temporal 
trends in real estate prices and demand, enabling more precise market 
forecasting. For example, Recurrent Neural Networks (RNN) are 
particularly useful for understanding temporal sequences in market 
behavior (Al-Qawasmi, 2022).

Generative AI is also influencing real estate valuation by introducing 

novel approaches for model generation, simulation, and data augmen
tation. Generative Adversarial Networks (GAN) and Variational 
Autoencoders (VAE) are gaining popularity for their ability to generate 
synthetic data, enhancing valuation models by simulating diverse mar
ket conditions. GAN create realistic datasets that capture the complex
ities of shifting market dynamics, contributing to more accurate 
property valuations (Lee, 2021; Zhao et al., 2023).

The following sections will explore both unsupervised and super
vised machine learning, as well as deep learning techniques, to deter
mine which methods are best suited to address key challenges in market 
segmentation and price prediction within the context of EPC analysis.

2.2. Spatial variability on property values and market segmentation

Traditional urban economic models focus on location as the main 
determinant of property values (Alonso, 1964). However, market seg
mentation considers a broader set of variables influencing housing 
markets, capturing the unique behaviors of different submarkets. While 
location remains critical, variations in neighborhood amenities, prop
erty characteristics like size and age, and socioeconomic factors lead to 
significant price differences within the same city (Can, 1992; Galster, 
1996; Goodman and Thibodeau, 1998; Maclennan and Tu, 1996; Bottero 
et al., 2022; Thackway et al., 2022).

Real estate segmentation frequently uses administrative boundaries, 
ZIP codes, or census tracts, to define submarkets that help control for 
location-specific effects in HPM. However, these boundaries often fail to 
capture the complexity of local market dynamics (Bourassa et al., 1999; 
Palm, 1978; Schnare and Struyk, 1976). Goodman et al. (2003) advo
cated for a more flexible, data-driven approach to better reflect actual 
market variability.

The need for more refined segmentation is also evident in previous 
studies on EPC impacts. Marmolejo-Duarte and Chen (2019) found that 
in Barcelona, the influence of EPC ratings on property values varies by 
property type and socioeconomic conditions, with low EPC ratings 
decreasing values in lower-income areas, underscoring the necessity for 
targeted retrofitting policies. Marmolejo-Duarte et al. (2020) further 
showed that the negative impact of low EPC ratings is more pronounced 
in lower-quality, peripheral neighborhoods, acting as a quality differ
entiator in markets lacking basic amenities. Similarly, McCord et al. 
(2020) demonstrated that the effect of EPC ratings in Belfast is spatially 
heterogeneous, with some areas showing a premium for energy-efficient 
homes while others exhibited no significant difference, reflecting 
regional variations in consumer awareness. Dell’Anna, 2022 also noted 
variability in EPC impact in Turin, highlighting the need for localized 
energy policies. These findings underscore the importance of market 
segmentation for effectively analyzing EPC impacts and designing tar
geted, equitable energy efficiency policies.

Advances in spatial econometrics and ML have revolutionized mar
ket segmentation in real estate. Manganelli et al. (2014) and McCluskey 
and Borst (2011) demonstrated the effectiveness of Geographically 
Weighted Regression (GWR) in identifying submarkets by capturing 
spatial variations in property values, resulting in better predictive ac
curacy compared to global models. However, GWR faces challenges with 
large datasets, multicollinearity, and linear assumptions, which can 
oversimplify the complex dynamics of real estate markets.

In contrast, unsupervised machine learning techniques, such as k- 
means clustering, DBSCAN, Gaussian Mixture Models (GMM), Agglom
erative Hierarchical Clustering, and Self-Organizing Maps (SOM), offer 
flexible approaches to market segmentation by processing multiple 
features and capturing both spatial and non-spatial characteristics 
(Bhagat et al., 2020; Gružauskas et al., 2021; Heidari et al., 2021; Napoli 
et al., 2017; Skovajsa, 2023).

K-means clustering is widely used for its efficiency and simplicity 
(Del Giudice et al., 2024; Bourassa et al., 1999; Gabrielli et al., 2019). 
Wiersma et al. (2022) combined k-means with Ward’s method to classify 
German housing markets, while Kim and Irakoze (2022) used k-means to 
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cluster green-certified apartment submarkets before applying HPM for 
price predictions, demonstrating enhanced accuracy in predicting the 
green premium. However, k-means requires a predefined number of 
clusters, limiting its flexibility for diverse datasets.

DBSCAN excels at detecting clusters with arbitrary shapes and 
effectively handles noise in complex datasets (Birant and Kut, 2007; 
Ester et al., 1996). Liu et al. (2012) integrated spatial proximity and 
attribute similarity into DBSCAN using Delaunay triangulation, identi
fying clusters of varying shapes and densities. Unlike k-means, DBSCAN 
does not require a predefined number of clusters but is sensitive to 
parameter settings, which may limit its generalizability in highly het
erogeneous markets.

Hierarchical clustering is well-suited for real estate segmentation as 
it captures the hierarchical structure of submarkets without requiring 
predefined boundaries (Skovajsa, 2023). For instance, Ara Aksoy and 
Irwin (2021) demonstrated its flexibility in handling mixed-mode data, 
integrating diverse property characteristics. It is more interpretable than 
k-means and can reveal deeper relationships. In a study on the UK res
idential market using hierarchical clustering, Konhäuser and Werner 
(2024) further enhance interpretability by incorporating eXplainable 
Artificial Intelligence (XAI) tools, such as SHapley Additive exPlanations 
(SHAP), Permutation Feature Importance (PFI), and Partial Dependence 
Plots (PDPs). The authors highlighted the value of XAI in helping poli
cymakers better understand how EPC ratings influence property values, 
enabling more informed decisions and effective energy efficiency 
policies.

2.3. Limitations and advantages of price prediction methods

Big data has revolutionized our understanding of market dynamics 
by providing vast amounts of information, and econometric analyses 
offer a structured way to utilize this data (Rosen, 1974). The HPM is a 
widely used tool in real estate economics, estimating the implicit prices 
of property attributes based on observed market prices. While HPM is 
valuable for isolating the impact of factors like location, size, and energy 
efficiency, it has inherent limitations.

One major challenge is handling uncaptured variability. HPM as
sumes linear relationships, but real-world data often exhibit non-linear 
patterns (Cropper et al., 1988). In the context of EPC ratings, 
non-linearity has been addressed by creating dummy variables for each 
class or grouping them into categories (low, medium, high). Studies 
across European markets reveal clear non-linear relationships (Bisello 
et al., 2020; Micelli et al., 2023). In England and Wales, properties with 
poor energy efficiency experience substantial value increases when 
upgraded, but this impact lessens as homes reach higher EPC ratings 
(Fuerst et al., 2015; Jensen et al., 2016). Similarly, findings from Bar
celona and Bucharest highlight that the green premium is most pro
nounced when moving properties from lower to average efficiency, with 
diminishing returns as energy performance improves further 
(Marmolejo Duarte, 2016; Taltavull et al., 2017). Non-linearities 
necessitate ML models to better capture complex dynamics. Treating 
EPC ratings as ordinal variables enables finer analysis of how changes in 
energy performance impact property values.

Another limitation of traditional econometric models is their 
vulnerability to omitted variable bias. Excluding relevant attributes like 
renovation quality, building condition, and architectural features can 
distort the estimated effects of energy efficiency on property prices 
(Fuerst et al., 2016a; Marmolejo-Duarte and Chen, 2022a, 2022b). In 
contrast, ML models like RF and GBM can automatically identify the 
importance of a wide range of variables, including those that may seem 
insignificant individually but interact to affect property values (Gao 
et al., 2022; Levantesi and Piscopo, 2020).

2.4. Willingness to pay for energy-efficient investigation

Factors influencing willingness to pay (WTP) for energy-efficient 

homes include economic, social, and environmental considerations. A 
primary driver is the perceived economic benefit from reduced energy 
bills; homeowners are willing to pay a premium for long-term savings 
when these are clearly communicated (Encinas et al., 2018). Comfort 
and co-benefits significantly shape WTP (Buso et al., 2017; Crespo 
Sánchez et al., 2021; Becchio et al., 2018). Studies show that comfort 
benefits, like improved thermal insulation and air quality, are valued 
comparably to direct energy savings (Banfi et al., 2008; Ferreira and 
Almeida, 2015; Ürge-Vorsatz et al., 2014). Post-pandemic, the impor
tance of indoor comfort has grown, with households willing to invest in 
thermal and acoustic enhancements despite higher costs (Berto et al., 
2023). Environmental awareness and social responsibility also drive 
WTP; individuals motivated by these factors are more likely to invest in 
green real estate projects, especially in areas with air quality concerns 
(Wang et al., 2015). Personalization and aesthetic enhancements tied to 
energy upgrades are additional drivers (Bottero et al., 2019). Aesthetic 
features significantly boost the marketability of energy-efficient build
ings, increasing acceptance and demand (Aydin et al., 2019). Research 
into WTP across EPC ratings provides crucial insights into consumer 
behavior and market dynamics, aiding policymakers and developers in 
promoting energy-efficient homes that are sustainable and economically 
viable for diverse buyers.

While the HPM is widely used to analyze EPC impact on prices, the 
application of ML algorithms remains limited. Studies utilizing tech
niques like linear regression (LR), Decision Trees, RF, Ridge, and Lasso 
have shown that Decision Tree and RF algorithms perform better in 
predicting green building prices, highlighting ML growing role in real 
estate sustainability analysis. Jamil et al. (2020), Masrom et al. (2022), 
and Mohd et al. (2022) used ML algorithms to predict green building 
prices in Kuala Lumpur District (Malaysia). These studies highlighted 
the superior performance of Decision Tree and RF algorithms, demon
strating the growing role of ML in real estate sustainability analysis. In 
commercial real estate, EPC has been examined by Akhtyrska and Fuerst 
(2024) using ML techniques combined with Difference-in-Differences 
(DID) and panel data fixed effects. They showed that introducing Min
imum Energy Efficiency Standards (MEES) in England and Wales 
reduced rents by 6–8% in affected office buildings.

Despite these advancements, significant gaps remain in using ML for 
analyzing EPC in the residential sector. Employing advanced ML models 
like GBM, SVM, and DL could improve EPC rating predictions and un
cover complex data patterns overlooked by traditional methods. By 
integrating socio-economic factors, building characteristics, and 
geographic information, ML can provide a comprehensive view of the 
green premium in the real estate market.

A structured approach combining market segmentation, ML- 
supported price prediction, and eXplainable AI (XAI) can help MSs 
standardize EPC policy effectiveness assessments.

3. Methodology

3.1. Workflow overview

The methodological framework of this research is structured into 
four macro-phases to systematically analyze the real estate market and 
EPC ratings, as illustrated in Fig. 1. These macro-phases include: goal 
definition, data preparation, modeling, and evaluation and interpreta
tion. Each phase involves multiple steps that ensure a comprehensive 
and systematic approach to analyzing the real estate market.

The first phase, goal definition, sets the research objectives that 
guide the entire process. In the second phase, data preparation, feature 
definition is conducted (Step 1) to identify variables that influence the 
market value of residential properties. In Step 2, data is collected from 
multiple sources, including real estate advertisements for property de
tails, data for accessibility features, and socio-economic variables. Step 3 
focuses on data cleaning and standardization, addressing missing values, 
detecting outliers, and ensuring data quality.
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In the third phase, exploratory data analysis (Step 4) examines re
lationships within the dataset. Pearson correlation is used to explore 
interdependencies, and descriptive statistics provide an overview of data 
distribution.

The fourth phase, modeling, includes Steps 5 and 6. In Step 5, un
supervised ML, specifically hierarchical clustering, segments the real 
estate market into homogeneous zones based on intrinsic property 
characteristics and extrinsic factors to identify similar market behaviors. 
In Step 6, the HPM and advanced ML algorithms are used to predict 
property prices and estimate the impact of EPC ratings.

The final phase involves evaluation and interpretation. eXplainable 

Artificial Intelligence (XAI) techniques are applied in Step 7 to enhance 
interpretability. In Step 8, insights from the models are translated into 
policy recommendations.

3.2. Defining features influencing real estate value

The primary goal of Step 1 is to ensure that the selected variables are 
both relevant and representative of the complex factors influencing real 
estate dynamics. To enhance the robustness of the subsequent analyses, 
a literature-driven approach is recommended for variable selection, 
aligning the study with established theories and empirical evidence in 

Fig. 1. Methodology workflow.
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the field. This approach ensures that the chosen variables reflect the 
multifaceted nature of real estate markets, facilitating a comprehensive 
and accurate analysis. Generally, these variables include intrinsic factors 
such as price, size, age, technological features, and sustainability qual
ities, as well as extrinsic characteristics like location and socio-economic 
variables.

3.3. Data collection

The initial phase of constructing a detailed dataset for the study area 
involves gathering real estate data (Step 2). One key source is real estate 
advertisements, which provide extensive information on intrinsic 
property characteristics such as size, construction year, type, condition, 
and features. To further enrich the dataset, Geographic Information 
System (GIS) tools are used to integrate spatial factors, including dis
tances to transportation networks and proximity to essential urban 
amenities like schools, green spaces, and public transport. This inte
gration provides a more comprehensive understanding of the properties 
by considering their accessibility and proximity to important services. 
Additionally, the dataset is supplemented with demographic and socio- 
economic data from national statistical institutions.

3.4. Data preprocessing

Data preprocessing is a foundational stage in the ML workflow, 
significantly impacting the subsequent modeling process (Step 3). This 
phase involves data manipulation and cleaning procedures to improve 
data quality and suitability for modeling, ultimately enhancing the 
model’s learning capacity and accuracy. Key preprocessing steps 
include: 

• Outlier Detection and Handling: Identifying and addressing outliers 
is crucial because extreme values can distort analytical results and 
model performance. Detecting price outliers ensures that these 
anomalies do not disproportionately influence predictions. A com
mon technique is using Z-scores to detect outliers, especially when 
data is approximately normally distributed. Z-scores measure how 
many standard deviations a data point is from the mean, with values 
greater than 3 or less than − 3 typically considered outliers (Hodge 
and Austin, 2004).

• Categorical Variables: Converting categorical data into a numerical 
format suitable for ML algorithms, either as ordinal variables or 
through techniques like one-hot encoding.

• Target Variable Transformation: When the target variable (e.g., 
property prices) does not meet linear regression assumptions, 
applying transformations like the natural logarithm (ln) can help 
approximate a normal distribution, improving regression model 
performance.

• Standardization: Transforming continuous variables to have a mean 
of zero and a standard deviation of one (Z-score standardization) 
ensures uniformity among numerical features.

This rigorous data preprocessing ensures that the dataset is well- 
prepared for robust and accurate modeling in the subsequent analysis 
phases.

3.5. Correlation and descriptive analysis

Correlation analysis (Step 4) is used to elucidate relationships be
tween variables, quantifying the extent of association between pairs and 
helping to identify potential predictors for the target variable. Pearson’s 
correlation coefficients are applied to measure the strength and direc
tion of linear relationships (Pearson, 1896). This analysis is crucial for 
guiding feature selection and model construction, ensuring that the most 
relevant variables are considered in subsequent modeling stages.

Descriptive analysis is another key step in understanding the dataset. 

It involves generating summary statistics, visualizations, and examining 
variable distributions to provide insights into central tendencies, vari
ability, and the overall shape of the data.

3.6. Unsupervised machine learning algorithm for clustering

Hierarchical clustering, developed and popularized in the 1960s and 
1970s, is a powerful unsupervised method for understanding relation
ships between groups of data. Although it lacks a single inventor, 
foundational concepts can be traced to Lance and Williams (1967), who 
contributed significantly by developing formulas to calculate distances 
between clusters. Hierarchical clustering begins by calculating distances 
between every pair of data points, using metrics like Euclidean or 
Manhattan distance. These distances are then used to construct a 
dendrogram, a tree-like structure that visually represents relationships 
among all data points, illustrating how clusters are progressively merged 
or divided (Murtagh and Contreras, 2012).

To form clusters, hierarchical clustering can use different linkage 
methods, which determine how distances between groups of data points 
are calculated during the clustering process. In this study, Ward’s 
Method is selected. Ward’s Method merges clusters by minimizing the 
increase in the within-cluster sum of squares, effectively reducing 
variance within clusters after each merge (Ward, 1963). This approach 
results in compact and homogeneous clusters, making it well-suited for 
achieving well-separated groupings and ensuring that the clusters are 
meaningful and interpretable.

A critical step in this process is determining the optimal number of 
clusters, often done using the elbow method (Shi et al., 2021). This 
method involves plotting within-cluster variance against the number of 
clusters and identifying the point where further reduction in variance 
starts to stabilize, forming an ‘elbow’ shape that indicates diminishing 
returns from adding more clusters.

Once the optimal number of clusters is determined, the dendrogram 
is cut at the appropriate level, providing segmentation of the dataset. 
The resulting clusters represent groups of data points with similar 
characteristics, offering structured insights into the inherent groupings 
within the data.

3.7. Regression algorithms for price prediction

Supervised machine learning algorithms play a critical role in pre
dicting real estate property prices. An initial step involves creating 
training, validation, and testing sets as part of a systematic approach. 
Subsequent steps are specific to each algorithm, depending on the 
unique characteristics and requirements of the model (Step 6).

3.7.1. Train, validation and test datasets
Data is typically divided into three sets: a training set to fit the model, 

a validation set for hyperparameter tuning, and a test set to evaluate 
model performance. However, in many cases, this can be simplified to 
just training and test sets, particularly when the dataset is small or 
computational resources are limited (Vabalas et al., 2019).

To further enhance model evaluation, cross-validation is often 
employed to mitigate overfitting and provide a comprehensive assess
ment of model performance (Cawley and Talbot, 2010). In k-fold 
cross-validation, the dataset is split into ‘k’ equal parts, with each part 
used as validation data once while the others serve as training data. 
Averaging results across all ‘k’ iterations provides an overall perfor
mance estimate. Typically, ‘k’ ranges from 5 to 10 for larger datasets, 
ensuring that every segment of data is used for validation and resulting 
in a more reliable assessment of the model.

Hyperparameter tuning is an essential part of model development, 
such as determining the number of trees in a RF or the learning rate in a 
GBM. Random search is often used for hyperparameter optimization, 
testing different parameter combinations to find the configuration that 
minimizes validation error (Bergstra et al., 2012).
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Proper selection of hyperparameters is crucial for model accuracy, as 
improper tuning can lead to overfitting or underfitting. The final 
hyperparameters are chosen based on cross-validation results to balance 
accuracy with generalizability.

To further refine the model and reduce overfitting, backward feature 
selection is applied, which is particularly effective for models like k-NN 
and ANN. By reducing the feature space, irrelevant or noisy variables are 
eliminated, which enhances the generalization of k-NN’s distance-based 
predictions and simplifies ANN architectures. Combined with careful 
hyperparameter tuning, this process ensures optimal model perfor
mance while maintaining robustness against overfitting.

3.7.2. Linear regression model
Linear regression (LR) is a foundational and widely used algorithm 

within the context of HPM. It offers a straightforward and interpretable 
approach to modeling linear relationships between input features and a 
target variable, such as house prices (Lancaster, 1966; Rosen, 1974).

Linear regression performs well when the relationship between input 
features and house prices approximates linearity. This relationship is 
expressed through a linear equation (Eq. (1)): 

y= β0 + β1x1 + β2x2 + … + βnxn (1) 

where y represents the predicted house prices, β0 is the intercept term, 
β1, …, βn are the coefficients associated with each input feature (x1, x2, 
…, xn), indicating the strength and direction of their influence on house 
prices1,2. This simple yet powerful method allows for the easy inter
pretation of how each feature contributes to the overall prediction, 
making it a valuable tool in real estate market analysis.

3.7.3. Artificial Neural Networks (ANN)
Artificial Neural Networks (ANN), inspired by biological neural 

networks, provide a complex, multi-layered modeling approach 
(McCulloch and Pitts, 1943). They are effective at processing large 
datasets, making them suitable for the intricate dynamics of real estate 
markets, where they can detect nuanced patterns beyond the scope of 
traditional methods. Effective use of ANN requires careful hyper
parameter tuning, including choosing the number of layers, neurons, 
learning rate, and regularization techniques to prevent overfitting while 
capturing complex data relationships.3 This involves adjusting hidden 
layers and decay rates to strike a balance between model complexity and 
generalizability.

3.7.4. K-Nearest Neighbors (k-NN)
The k-Nearest Neighbors (k-NN) algorithm estimates property values 

by averaging the prices of the ‘k’ most similar properties based on 
feature similarity (Altman, 1992; Cover and Hart, 1967). This method is 
particularly effective in uniform, densely populated areas and assumes 
that properties with similar features have comparable values (Yağmur 
et al., 2023). Choosing the optimal ‘k’ is crucial: a small ‘k’ may make 
the model overly sensitive to noise, while a large ‘k’ can smooth the 
results excessively. Similarity is measured using metrics such as 
Euclidean, Manhattan, or Minkowski distances, with Euclidean being 

the default. Feature weighting can vary from uniform to distance-based, 
where closer neighbors have more influence, affecting the model’s 
accuracy.4

3.7.5. Support Vector Regression (SVR)
Support Vector Regression (SVR) adapts Support Vector Machine 

principles for regression tasks, offering a precise approach by fitting data 
within an epsilon margin to handle variability (Cortes and Vapnik, 
1995). SVR is particularly effective for predicting property values, as it 
maintains prediction tolerance despite market volatility. Parameter se
lection, such as setting the epsilon value (ε), is crucial for controlling 
sensitivity; smaller ε values increase the model’s responsiveness to price 
changes. SVR’s versatility lies in its use of different kernel functions 
(linear, polynomial, radial basis function - RBF, sigmoid), with the RBF 
kernel often preferred for capturing non-linear relationships in property 
features. Adjusting the gamma parameter (γ) helps fine-tune the model 
to achieve an optimal balance between underfitting and overfitting.5

3.7.6. Random Forest (RF)
Random Forest (RF) consists of multiple decision trees, each trained 

on random subsets of features, which promotes diverse predictions and 
reduces the risk of overfitting. The final output is determined by 
aggregating the predictions from all the trees, typically through aver
aging (for regression) or voting (for classification) (Breiman, 2001).

RF’s feature importance metric is particularly valuable, as it high
lights the attributes that have the most significant influence on price 
variations. A key hyperparameter to tune in RF is the number of features 
randomly sampled as candidates at each split, which can be optimized 
through a random search within a specified range to improve model 
performance.

By combining the outputs of numerous decision trees, RF provides 
robust predictions and insights, making it a powerful tool for real estate 
market analysis. Its ability to handle large datasets with numerous fea
tures and its resistance to overfitting make it highly effective for 
modeling complex relationships in property values.6

3.7.7. Gradient Boosting Machine (GBM)
Gradient Boosting Machine (GBM) is a powerful, decision tree-based 

algorithm widely used for predictive tasks across various fields (Ding 
et al., 2022). It improves prediction accuracy by sequentially correcting 
errors from previous models, making it effective for a wide range of data 
types and distributions. GBM’s ability to adapt to different loss functions 
allows it to address both classification and regression challenges, mak
ing it particularly useful for predicting outcomes such as disease clas
sification or hospital stay durations in healthcare.

GBM incorporates several features to prevent overfitting, including 
data subsampling and limiting decision tree complexity, which help 
maintain model reliability. One of the significant advantages of GBM is 
its ability to provide insights into the factors most influencing outcomes, 
offering valuable guidance for decision-making, such as in real estate 
market analysis. Tuning GBM involves adjusting key hyperparameters, 
such as the depth of trees, number of trees, learning rate (shrinkage), 
and minimum observations in nodes, to optimize model performance.7

3.7.8. Validation approach
The validation approach for regression analysis and machine 

learning models involves a series of essential steps to assess their 

1 In this study, a semi-logarithmic linear regression model is employed where 
the dependent variable (price) is expressed in natural logarithms, allowing 
coefficients to represent the percentage change in price for a one-unit change in 
each independent variable, which aids in interpreting effects in percentage 
terms and is particularly useful for data exhibiting exponential growth patterns 
or heteroscedasticity.

2 The ‘lm’ function, part of RStudio’s base package, is used for performing 
linear regression (LR) analyses.

3 The ‘nnet’ package provides functions for modeling Artificial Neural Net
works (ANN).

4 The ‘clas’ package offers the ‘knn’ function for implementing the k-Nearest 
Neighbors (k-NN) algorithm.

5 The ‘e1071’ library provides functions for Support Vector Regression (SVR).
6 The ‘randomForest’ package is used to implement the Random Forest (RF) 

model in Rstudio.
7 The ‘gbm’ package is used to implement the Gradient Boosting Model 

(GBM) in RStudio.
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performance and generalization capabilities. Three commonly used 
metrics for this purpose are RMSE (Root Mean Square Error), MAE 
(Mean Absolute Error), and R-squared (R2).

RMSE calculates the square root of the average of the squared dif
ferences between the predicted (ŷi

)
and actual (yi) values, as following 

equation (Eq. (2)): 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2
√

(2) 

It provides a measure of the average magnitude of prediction errors. 
RMSE with lower values indicates better model fit.

MAE computes the average of the absolute differences between 
predicted (ŷi

)
and actual (yi) values, as following equation (Eq. (3)): 

MAE=
1
n
∑n

i=1
|yi − ŷi| (3) 

It is robust to outliers since it doesn’t square the errors. MAE with 
lower values indicates better model fit.

R-squared measures the proportion of the variance in the dependent 
variable (y) that is explained by the model. ŷi represents predicted 
values, y is the mean of the observed values, and yi represents actual 
values (Eq. (4)). 

R2 =1 −

∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (4) 

R2 ranges from 0 to 1, with higher values indicating a better fit of the 
model to the data.8

3.8. Results interpretation with eXplainable artificial intelligence (XAI)

In the European regulatory context, Trustworthy AI is formalized in 
the European Union’s guidelines for reliable artificial intelligence, 
emphasizing transparency, accountability, and safety (European Com
mission, 2019). These principles are particularly critical in ML and DL, 
where model complexity can often be overwhelming for non-technical 
stakeholders, limiting their use in decision-making due to a lack of 
transparency. To address this challenge, eXplainable Artificial Intelli
gence (XAI) techniques are essential for interpreting and visualizing 
model outputs. Key XAI methods include ranking variables by impor
tance using Shapley Additive Explanations (SHAP) values and utilizing 
Partial Dependence Plots (PDPs) to visualize the effects of variables on 
model outcomes (Step 7).

SHAP values are used to interpret model predictions by assigning 
each feature an importance value based on its contribution to the pre
diction (Fryer et al., 2020; Gao et al., 2022; Lundberg and Lee, 2017). 
The SHAP beeswarm plot visually summarizes the importance and 
impact of features, with each point representing a feature’s contribution 
to an individual prediction. The x-axis ranks features from least to most 
important, while the y-axis displays SHAP values, indicating the 
magnitude and direction of their impact. Feature values are color-coded 
to indicate the relationship between the variable value and the magni
tude of its impact on the prediction.

PDPs provide additional insights by illustrating how specific features 
influence predictions, capturing non-linear relationships and in
teractions. PDPs are calculated by averaging model predictions across 

different fixed values of a feature, isolating its effect while accounting 
for the influence of other features.9 Together, SHAP and PDPs simplify 
complex model behavior into understandable visuals, enhancing trust 
and accessibility for stakeholders by translating intricate analyses into 
clear and actionable insights.

4. Case study: the city of Turin

4.1. Turin’s architectural and energy legacy

Turin, in Northern Italy, is an ideal focus for studying energy per
formance in urban environments due to its diverse and historically rich 
building stock. The city’s architecture, shaped over different periods of 
development, presents a mix of construction styles and standards, of
fering insights into how building characteristics impact energy effi
ciency and property value.

Around 60% of Turin’s buildings were constructed before modern 
energy efficiency regulations, particularly from the pre-1945 period 
through the late 20th century. Many of these older structures lack proper 
thermal insulation and efficient heating, resulting in significant vari
ability in energy performance. This makes Turin a valuable case study 
for exploring the relationship between building age, design, and energy 
efficiency, as well as for exploring localized energy policy strategies.

Turin’s neighborhoods also reflect distinct socio-economic contexts, 
with varying building characteristics influencing both energy perfor
mance and market value.

Previous studies often used linear models to evaluate the effective
ness of EPC in Turin, which provided valuable but limited insights due to 
the assumption of linear relationships between variables (Bottero et al., 
2018; Fregonara et al., 2014). The heterogeneous architectural land
scape of Turin underscores the necessity for advanced methodologies. 
More advanced methods, such as ML, are better suited to address the 
non-linear relationships between energy performance, market dy
namics, and neighborhood-specific factors, providing deeper insights 
into the effects of energy efficiency improvements.

4.2. Data selection and source

This study focuses on private residential apartment listings in Turin, 
representing the city’s predominant residential architecture to evaluate 
the impact of EPC on the real estate market effectively, while also 
providing spatial insights across the municipal area. The year 2021 was 
selected due to data availability constraints and the unique character
istics of real estate listings from that period, allowing for a focused 
analysis of the market’s post-COVID-19 evolution, including shifts in 
buyer behavior and housing preferences.

Most empirical studies on housing markets use sale prices as the 
dependent variable, as they are generally more accurate than valuations 
by owners or real estate agents, thereby reducing potential bias. How
ever, Michelangeli (2008) noted that accessing final transaction data 
and detailed EPC information in Italy is challenging due to privacy and 
access restrictions. Therefore, data for this study was sourced from 
Immobiliare.it, Italy’s leading real estate listings platform, which pro
vides comprehensive data from both agencies and private sellers. Pre
vious research, such as Curto et al. (2012), highlighted transparency 
issues in the Italian market and concluded that asking prices serve as 
reasonable estimators of market trends. While transaction prices would 
be ideal, asking prices still offer a meaningful understanding of market 8 The ‘Metrics’ package in RStudio is used to compute various performance 

metrics, which are crucial for evaluating the effectiveness of machine learning 
models.

9 The ‘iml’ package in RStudio is utilized for SHAP value calculations. PDPs 
are calculated using the ‘pdp’ package, and ‘ggplot2’ for data visualization. 
Calculating SHAP values and PDPs on a hold-out set has minimal impact, as 
model behavior is consistent across training and test sets. Using the training set 
for SHAP enhances representation fidelity by leveraging a “larger set” 
(Lundberg, 2018).
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conditions.

4.3. Descriptive analysis

After pre-processing the data and handling outliers, the initial sam
ple of 3314 observations was reduced to 2873 (Fig. 2). This reduction 
was due to the removal of 366 records with missing data and 16 outliers 
identified using Z-scores. 59 apartments located in the Turin Hills area 
were removed due to their distinct market characteristics. This rigorous 
data refinement ensures the integrity of the analysis by mitigating the 
influence of anomalies.

The selected variables, along with relevant summary statistics 
(Table A1), are briefly explained to enhance understanding. The vari
able ‘ln_price’ represents the logarithmically transformed values of real 
estate listings. The average asking price is approximately €1886/m2, 
while the average property value based on 2021 data from the Agenzia 
delle Entrate is €1765/m2 (Mazzitelli and Moine, 2022). Asking prices 
tend to be higher than final sale prices, as they do not account for ne
gotiations that often lead to lower transaction values. This difference, 
approximately 6.85%, reflects the common practice where asking prices 
serve as an initial offer, typically reduced through bargaining before the 
sale is finalized.

The dataset’s surface areas range from 28 to 800 m2, with an average 
of 87.23 m2, reflecting the compact nature of urban spaces in Italian 
cities. Approximately 75% of the properties are equipped with elevators, 

a common feature in urban settings. Additional variables include floor 
level, number of bathrooms, property category (ranging from econom
ical to luxury), maintenance condition, and garage availability.

The average construction year of 1950 indicates that many proper
ties were built during the mid-20th century, a period of significant 
growth for Turin. Distance variables are also included, measuring 
Euclidean distances to key locations such as the city center, universities, 
parks, subway stations, and bike paths.

A key focus of this study is the EPC variable, which rates properties 
on a scale from G (1 - least efficient) to A (7 - most efficient). The average 
EPC rating is 2.86, highlighting the prevalence of suboptimal energy 
performance in Turin’s housing stock and emphasizing the need to 
examine how EPC ratings affect property values to inform and promote 
effective energy efficiency policies.

The dataset also includes socio-economic variables from the 2021 
ISTAT census, such as population density, percentage of foreign resi
dents, age structure, employment rate, education level, and income 
inequality (Gini Index), providing a comprehensive view of Turin’s de
mographic and economic landscape. These factors are essential for un
derstanding the broader socio-economic context influencing property 
pricing and market dynamics.

Additionally, the inclusion of latitude and longitude facilitates 
advanced spatial analysis, enabling the capture of complex geographic 
relationships. These variables enhance the ability of machine learning 
models, such as k-means clustering, to learn spatial patterns more 

Fig. 2. Observations distribution in the Turin’s municipal context.
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effectively.
The dataset, enriched with detailed property information, socio- 

economic, and geographic variables, provides a robust foundation for 
analyzing Turin’s residential real estate market.

4.4. Correlation analysis

The Pearson correlation analysis reveals key relationships between 
real estate attributes (Fig. 3). Surface area is positively correlated with 
the number of bathrooms (0.691) and, to a lesser extent, with property 
type (0.325), suggesting that larger properties often have more bath
rooms and are categorized as higher-quality or luxury.

The EPC variable shows a moderate correlation with property con
dition (0.465), indicating that newer or renovated properties tend to 
have better energy ratings. EPC also correlates positively with property 
type, suggesting that energy-efficient buildings are more likely to belong 
to higher-quality categories. Additionally, property condition has a 
slight positive correlation with the year of construction (0.146), 
implying that newer properties tend to be better maintained, supporting 
the internal consistency of the dataset.

Geographically, older properties are generally closer to the city 
center and universities, as indicated by the positive correlations between 
year of construction and distance to the city center (0.427) and uni
versity campuses (0.315).

Socio-economic variables, such as population density, percentage of 
foreign residents, old age index, employment rate, education level, and 
Gini index, reveal complex interrelationships that reflect the city’s socio- 
economic dynamics. For instance, higher education levels correlate with 
greater income inequality (0.708), likely because those with higher 
education tend to earn more. A strong negative correlation exists be
tween population density and the elderly population index (− 0.923), 
indicating that densely populated areas tend to have fewer elderly 
residents.

Overall, the Pearson coefficients indicate no significant multi
collinearity (above ±0.8), except for the relationship between popula
tion density and the elderly population. To further validate these 
findings, additional tests, such as Variance Inflation Factor (VIF) anal
ysis, were conducted to ensure that multicollinearity does not distort the 
results.

4.5. Segmentation of the real estate market

To effectively segment the Turin apartment market, the hierarchical 
clustering algorithm was then applied, using a combination of intrinsic 
property characteristics, such as physical attributes and energy perfor
mance, along with accessibility and neighborhood features, including 
distances to key amenities, and neighborhood dummies to account for 
spatial features not explicitly included. The study builds on Kim and 
Irakoze (2022), Hu et al. (2022) and Shi et al. (2015), who focused on 
clustering based on intrinsic and accessibility characteristics.

The elbow method suggested eight clusters (k = 8) as optimal. The 
resulting market segmentation revealed distinct sub-markets with 
similar property value patterns, allowing for a detailed spatial analysis 
of Turin’s real estate landscape (Fig. 4).

Cluster 1 (CL1), including neighborhoods like San Salvario, Cenisia, 
and Crocetta, has high property values, with a mean price per square 
meter of €2400. Properties in this cluster tend to have larger surface 
areas, contributing to their elevated market value and typically good 
EPC ratings. These areas are desirable due to their proximity to the city 
center, good public transport, and a mix of historical and modern 
buildings, attracting a middle-to high-income demographic. Cluster 2 
(CL2), covering San Donato, Aurora, Vanchiglia, and Vanchiglietta, has 
relatively high property values, with a mean price per square meter of 
€1884. Properties here have moderate surface areas and generally 
favorable EPC ratings, benefiting from good accessibility, educational 
facilities, and green spaces. Cluster 3 (CL3), comprising peripheral 
neighborhoods like Le Vallette, Madonna di Campagna, and Borgata 
Vittoria, has lower property values, with a mean price per square meter 
of €1358. Properties here have smaller surface areas and average or 
below-average EPC ratings, offering affordable housing options.

Cluster 4 (CL4), consisting of Parella and Pozzo Strada, has a mean 
property price of €149,346 and a median of €120,000, with larger post- 
war apartments. Its suburban nature, ample green spaces, and family- 
friendly environment attract middle-income families. Cluster 5 (CL5), 
including Barriera di Milano, Falchera, and Regio Parco, has the lowest 
property values, with a mean price per square meter of €1010, appealing 
to buyers seeking affordable options. Properties generally have lower 
EPC ratings, reflecting the need for redevelopment and energy efficiency 
improvements. Cluster 6 (CL6), covering Mirafiori Sud, Mirafiori Santa 
Rita, and San Paolo, has a mean price per square meter of €1500. It 
includes both post-war and modern buildings, offering affordable sub
urban housing with local amenities. It includes both post-war and 
modern buildings, offering affordable suburban housing with local 
amenities.

Cluster 7 (CL7), centered around Nizza Millefonti, has a mean price 
per square meter of €1890. Urban regeneration driven by proximity to 
the Lingotto complex attracts younger professionals and families. Clus
ter 8 (CL8), in central Turin, has the highest property values, with a 
mean price per square meter of €3000. This cluster is distinguished by 
historical significance, older buildings, and proximity to key services, 
making it the most exclusive sub-market.

The clustering of Turin’s neighborhoods is influenced by property 
values, building types, accessibility, and socio-demographic factors. 
Central and semi-central clusters (CL1, CL2, CL8) have higher property 
values and better amenities, while peripheral clusters (CL3, CL5) offer 
more affordable housing, appealing to lower-income residents.

4.6. Supervised regression models and linear regression results

The dataset was then divided based on the eight identified clusters, 
and both overall and cluster-specific analyses were conducted. Given the 
limited number of cases in each cluster, only training and test sets were 
utilized. Each dataset was split into training and test sets, with 80% 
allocated for training and 20% for testing. After the split, all features 
were standardized to ensure consistency across the dataset. However, to 
enhance the robustness of the validation process and mitigate Fig. 3. Correlation heatmap based on Pearson index.
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overfitting, k-fold cross-validation (k-fold = 10) was applied to the 
training set.

The evaluation of various ML models applied to the full dataset and 
individual clusters revealed significant differences in predictive perfor
mance (Table 1). For the full dataset, GBM outperformed other models, 
achieving an R2 of 0.902, underscoring its effectiveness in capturing 
complex relationships. RF also demonstrated strong performance, with 

an R2 of 0.889 and a relatively low MAE of 0.184.
For individual clusters, GBM consistently delivered the best results, 

particularly for CL4, where it achieved the lowest RMSE (0.182) and 
MAE (0.140), along with the highest R2 (0.910). Conversely, ANN pro
duced mixed results, exhibiting higher error metrics and lower R2 

values, especially for CL7, where it performed the weakest (RMSE of 
0.845). The weaker performance of k-NN and ANN compared to 

Fig. 4. Clusters identified by hierarchical clustering (k = 8).

Table 1 
Comparison of the performance of LR with ANN, k-NN, SVR, RF, and GBM on test data prediction.

Set Algorithm RMSE MAE R2 Algorithm RMSE MAE R2

All data LR 0.287 0.217 0.830 SVR 0.283 0.213 0.844
CL1 ​ 0.303 0.244 0.819 ​ 0.317 0.238 0.800
CL2 ​ 0.345 0.254 0.695 ​ 0.312 0.232 0.734
CL3 ​ 0.306 0.225 0.699 ​ 0.267 0.207 0.771
CL4 ​ 0.219 0.167 0.875 ​ 0.243 0.194 0.839
CL5 ​ 0.261 0.203 0.704 ​ 0.243 0.185 0.718
CL6 ​ 0.193 0.153 0.764 ​ 0.235 0.176 0.667
CL7 ​ 0.224 0.187 0.819 ​ 0.262 0.196 0.783
CL8 ​ 0.343 0.251 0.835 ​ 0.469 0.330 0.689

All data ANN 0.264 0.206 0.856 RF 0.237 0.184 0.889
CL1 ​ 0.622 0.462 0.601 ​ 0.273 0.197 0.852
CL2 ​ 0.468 0.362 0.540 ​ 0.250 0.202 0.837
CL3 ​ 0.607 0.432 0.181 ​ 0.231 0.180 0.822
CL4 ​ 0.983 0.818 0.497 ​ 0.207 0.165 0.883
CL5 ​ 0.553 0.462 0.146 ​ 0.222 0.179 0.765
CL6 ​ 0.267 0.205 0.597 ​ 0.189 0.147 0.772
CL7 ​ 0.835 0.566 0.070 ​ 0.248 0.206 0.782
CL8 ​ 0.850 0.621 0.488 ​ 0.265 0.215 0.905

All data k-NN 0.477 0.373 0.558 GBM 0.217 0.166 0.902
CL1 ​ 0.519 0.412 0.456 ​ 0.269 0.194 0.860
CL2 ​ 0.518 0.411 0.406 ​ 0.242 0.192 0.845
CL3 ​ 0.451 0.370 0.399 ​ 0.227 0.177 0.832
CL4 ​ 0.487 0.387 0.349 ​ 0.182 0.140 0.910
CL5 ​ 0.481 0.366 0.111 ​ 0.237 0.190 0.740
CL6 ​ 0.398 0.303 0.155 ​ 0.161 0.126 0.836
CL7 ​ 0.416 0.321 0.458 ​ 0.221 0.181 0.830
CL8 ​ 0.743 0.619 0.294 ​ 0.331 0.256 0.849

* Best performance metrics in bold.
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ensemble methods like RF and GBM can be attributed to several factors. 
k-NN struggles with high dimensionality and noise sensitivity, reducing 
its ability to effectively distinguish between data points in complex 
datasets. ANN models require extensive hyperparameter tuning and 
larger datasets to perform well, and they are prone to overfitting, 
particularly in smaller clusters. In contrast, ensemble methods such as 
RF and GBM are more robust against overfitting and capture complex 
non-linear relationships through their iterative learning processes, 
leading to better performance metrics like lower RMSE and higher R2 

values.
Graphs of actual versus predicted values in Figure A1 further confirm 

these findings, showing tighter clustering of predicted values around the 
actual values for GBM and RF, especially in clusters, indicating better 
model fit and prediction consistency.

4.7. Discussion of the results

Although both GBM and RF exhibited comparable performance, 
GBM emerged as the preferred model due to its consistent accuracy and 
robustness across most datasets.

The SHAP analysis of Turin’s housing market provides comprehen
sive insights into the differential impact of various features on property 
values across neighborhood clusters. It reveals that the significance of 
features varies substantially between neighborhoods, reflecting the 
distinct characteristics and dynamics of each area. This variability un
derscores the complex interplay between building attributes, location, 
and socio-economic conditions that ultimately shape property values.

Across the entire dataset, surface area, property status, Gini Index, 
and the proportion of residents with higher education emerged as the 
primary determinants of property values. Fig. 5a illustrates a clear 
market preference for energy-efficient properties, with superior EPC 
ratings generally correlating with higher values. This observation is 
confirmed by the LR model, where the EPC coefficient of 0.042 suggests 
a 4.2% increase in property value for each incremental improvement in 
the EPC rating scale.

Surface area, property status and EPC are the key priorities influ
encing property values in CL1. Properties in this cluster (Fig. 5b) benefit 
from proximity to the city center, well-connected public transportation, 
and a blend of historical and modern buildings, making it attractive to 
middle- and high-income residents. The LR model identified surface area 
(coefficient 0.373) and property status (0.115) as significant predictors 
of property value, with EPC ratings contributing to a 5.5% marginal 
increase in value due to improved energy efficiency. In CL2, the GBM 
and LR models identified surface area, property status, and foreign 
population percentage as significant factors. EPC ratings contribute to a 
7% marginal increase in property value according to the LR model. The 
San Donato neighborhood, adjacent to Parco Dora, has undergone urban 
regeneration, including the development of new energy-efficient 
buildings, which has bolstered property values.

Peripheral areas in CL3, such as Le Vallette, Madonna di Campagna, 
and Borgata Vittoria, are characterized by accessible housing. SHAP 
analysis indicates that, following surface area, the year of construction is 
the second most important variable, highlighting a clear preference for 
newer buildings. Moreover, well-maintained or newly constructed 
apartments are highly valued. The LR model confirmed surface area 
(0.296) and property status (0.142) as the most influential factors, while 
the EPC rating was not significant.

CL4, which includes Parella and Pozzo Strada, is characterized by 
larger post-war apartments. The suburban character, ample green 
spaces, and family-friendly environment make these areas appealing to 
middle-income families. In addition to surface area and property status, 
the presence of elevators and proximity to metro stations were signifi
cant factors, particularly for properties within a small buffer zone 
around the metro line, which positively influenced property values.

Areas in CL5, adjacent to CL3, including Barriera di Milano, Fal
chera, and Regio Parco, are characterized by lower property values. 

Properties typically have smaller surface areas and lower EPC ratings, 
reflecting the need for redevelopment and energy efficiency improve
ments. Both GBM and LR models indicated that EPC ratings were not 
significant in this cluster.

Mirafiori Sud, Mirafiori Santa Rita, and San Paolo (CL6) encompass 
both post-war and modern buildings, offering affordable suburban 
housing with access to local amenities. Surface area, distance to the city 
center, and property status were identified as the primary factors 
influencing property values. SHAP analysis underscored the importance 
of EPC ratings in this cluster, supported by the LR model with a coeffi
cient of 0.045.

Property values in CL7, centered around Nizza Millefonti, are influ
enced by urban regeneration initiatives linked to the Lingotto complex, 
which attract younger professionals and families. Surface area was the 
most influential factor, followed by floor number and distance to the city 
center, while EPC ratings were of limited significance.

CL8, located in central Turin, stands out due to its historical signif
icance, older building stock, and proximity to key services, making it the 
most exclusive sub-market in the city. Surface area, property status, and 
distance to the city center were identified as dominant factors influ
encing property values (Fig. 5i).

The GBM model results, analyzed using SHAP values, provided a 
nuanced understanding of the factors influencing property values, 
revealing non-linear relationships and highlighting the significance of 
EPC ratings across multiple clusters. In contrast, the LR model offered a 
more straightforward but less comprehensive interpretation of these 
relationships. Both LR and GBM models identified EPC ratings as sig
nificant in clusters CL1, CL2, CL5, CL6, and CL7. The non-linearity 
captured by SHAP analysis indicated distinct groupings within these 
clusters, suggesting that the impact of factors such as energy efficiency 
can vary considerably depending on neighborhood characteristics. The 
combined use of GBM and SHAP thus provides deeper insights into the 
complex dynamics at play, effectively modeling real-world scenarios 
where traditional linear approaches may be insufficient.

Using predictions from the GBM algorithm, PDPs were generated for 
property attributes, focusing on energy efficiency, property type, and 
property status, due to their correlation with energy performance. 
Property type is associated with energy efficiency, as luxury or modern 
buildings often include advanced energy-saving technologies, whereas 
economical or older properties generally lack these features. Property 
status, such as being new or recently renovated, directly affects energy 
performance, since newer or upgraded buildings tend to incorporate 
modern energy-efficient systems.

CL1 exhibits a pronounced preference for higher energy performance 
classes (≥A and B), as shown in Fig. 6. The PDP value decreases mark
edly from classes A-B to G, underscoring the significance of energy ef
ficiency in determining property values. CL3 displays an upward trend 
in PDP as energy performance improves, indicating that energy effi
ciency has a positive impact on property value in this cluster. The 
observed ‘green premium’ for class A highlights a considerable increase 
in valuation for properties with the highest energy efficiency, surpassing 
other classes. This trend suggests a particular sensitivity to energy per
formance within this segment of the market.

CL6 reveals a significant discrepancy between properties in groups 
‘ABCD’ and those in groups ‘EFG’. This differentiation implies that 
higher energy performance results in a notable increase in property 
value, whereas lower-performing classes exhibit minimal variation in 
valuation among themselves. Thus, energy efficiency exerts a consid
erable influence on properties with superior ratings, but once the clas
sification falls below a certain threshold, the distinctions between lower 
classes become less relevant.

In CL7, certain EPC classes are absent. This absence may reflect the 
characteristics of the housing stock in this area, where properties with 
exceptionally high energy ratings are rare. The lack of representation of 
some classes suggests that energy performance is not a predominant 
factor for this cluster, possibly due to the uniformity in building types or 
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Fig. 5. Beeswarm Plots of SHapley Additive exPlanations (SHAP) values.
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the nature of the housing market in this area.
In contrast, CL5 characterized by affordable housing where priorities 

other than energy efficiency are emphasized, show limited sensitivity to 
energy performance. Similarly, energy performance is not a major 
determinant of property value in CL8. This cluster encompasses the city 
center, where factors such as location, accessibility, and infrastructure 
exert a more substantial influence on buyer preferences compared to 
energy performance.

Fig. 7’s PDPs show how property classifications, from economical to 
luxury, affect predicted values across clusters. Generally, property 
values rise with higher classifications.

In CL1, there is a notable gap between economical/average and 
high/luxury properties. Values remain steady from economical to 
average, but increase sharply for high-class properties, leveling off at the 
luxury level, indicating a market ceiling where further exclusivity does 
not significantly boost value.

In CL2 and CL3, the effect of classification is less pronounced, while 
in CL5, property type has little impact, likely due to the homogeneity of 
the housing stock.

In the city center (CL8), economical housing is absent, reflecting its 
prestigious, high-value nature. Similarly, in CL6, luxury properties are 
rare and have minimal influence on overall values.

Fig. 8 shows the influence of property condition on predicted values 
across clusters, highlighting a clear preference for well-maintained 
properties. Most clusters exhibit an upward trend, with better condi
tions correlating with higher valuations, emphasizing the importance of 
property maintenance in increasing value. In CL7, the impact on asking 

prices is consistent across condition levels. However, in CL3 and CL5, 
where architectural quality is lower, properties in good condition see a 
more significant value increase. Renovated and new properties are 
notably valued higher, while those needing renovation consistently 
show lower valuations.

The study provides several policy recommendations for Turin’s res
idential sector to foster energy efficiency across different urban seg
ments. In clusters like CL3 and CL5, where EPC ratings have minimal 
impact on property values, affordability is key. Renovation programs 
should enhance both quality and energy performance, especially in 
neighborhoods with aging infrastructure. Developing energy commu
nities and positive energy districts could foster economies of scale, 
making energy-efficient investments more feasible and affordable while 
improving neighborhood value (Blečić et al., 2023). In semi-central 
clusters like CL2 and CL6, where EPC ratings significantly impact 
property values, subsidies for energy efficiency upgrades, especially for 
older buildings, could boost property values and align with sustain
ability goals, as residents are willing to invest in greener solutions. In 
central areas like CL4, EPC ratings, building age, and status influence 
property values. Due to limited space, policy initiatives should provide 
incentives for new, energy-efficient construction and retrofitting of 
historical properties, ensuring modern technologies are integrated while 
preserving heritage. Incentives could be in the form of tax breaks or 
grants for sustainable construction.

Beyond localized efforts, revising EPC classifications is essential to 
make high-efficiency investments more attractive. Highlighting eco
nomic benefits, such as cost savings and incentives, and incorporating 

Fig. 6. Partial Dependence Plot (PDP) for EPC estimated by GBM models.

Fig. 7. Partial Dependence Plot (PDP) for property type estimated by GBM models.
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additional indicators like carbon emissions and renewable energy use, 
could align EPC with 2024 EPBD recast requirements, offering a 
comprehensive view of property sustainability (Junkel, 2022).

5. Conclusion and policy implications

This study provides a comprehensive analysis of how EPC influence 
property values, using Turin (Northern Italy) as a case study. The stan
dardized framework enhances prediction accuracy and offers detailed 
insights into the real estate market and consumer behavior. It provides 
policymakers with valuable tools for assessing EPC impacts and pro
moting energy efficiency more effectively.

Through hierarchical clustering, the study segments the Turin real 
estate market into eight clusters based on property attributes and loca
tion, offering deeper market insights. By integrating the HPM with 
advanced ML techniques, the study reveals distinct valuation patterns 
across segments, enabling more targeted interventions.

Comparing HPM with ML algorithms like GBM, the research shows 
the superior accuracy of ML in modeling complex relationships between 
EPC ratings and property values. ML captures non-linear relationships 
more effectively, providing a precise representation of market dynamics. 
However, ML ‘black box’ nature presents challenges (Valier and Micelli, 
2020). XAI techniques, such as SHAP values and PDPs, provide trans
parency and visual insights, making the findings accessible and enabling 
informed decision-making for stakeholders.

5.1. Policy implications

The ML framework supports tailored policy approaches at the na
tional level while ensuring alignment with EU-wide climate and energy 
goals. It helps MSs understand how EPC ratings influence property 
values within their markets, offering valuable insights for designing 
incentives that encourage energy-efficient home adoption. In markets 
where EPC ratings are not fully reflected in property valuations, the 
model can guide governments to introduce subsidies or tax incentives to 
promote energy-efficient transactions. It can also encourage green 
financing options like green mortgages, as outlined in initiatives such as 
the Energy-efficient Mortgages Action Plan (Dell’Anna et al., 2022; 
EeMAP, 2021), or support broader energy efficiency measures at a large 
scale, such as the development of energy communities (Barbaro and 
Napoli, 2024). These actions aim to increase awareness and market 
recognition of energy-efficient properties and drive investment in 

energy-efficient solutions.
A key strength of the ML framework is its ability to address regional 

variations in housing markets across the EU. While EPC are uniformly 
required under the EPBD, their impact on property values varies based 
on local factors like energy costs, buyer awareness, climate, and building 
standards (Bisello et al., 2020; Lyons et al., 2013). For instance, in 
southern European countries with high energy costs, properties with 
better EPC ratings often carry a more significant green premium due to 
potential energy bill savings (Marmolejo-Duarte and Chen, 2019; Tal
tavull et al., 2017). In contrast, in northern European countries, where 
sustainability awareness is stronger and building standards are stricter, 
demand for energy-efficient homes is driven more by environmental 
considerations and long-term benefits rather than immediate cost sav
ings (Hyland et al., 2013; Jensen et al., 2016).

The standardization of EPC ratings across the EU, mandated by the 
EPBD, creates a consistent data foundation for the ML framework, 
enabling its adaptability to various European contexts (European Com
mission, 2010). Real estate advertisements play a key role in this 
framework across EU countries. Platforms such as Immobiliare.it and 
Idealista in Italy, Rightmove and Zoopla in the UK, SeLoger in France, 
ImmobilienScout24 in Germany, Idealista and Fotocasa in Spain, and 
Funda in the Netherlands provide essential information, such as prop
erty size, location, and energy performance. However, as discussed later, 
the reliance on asking prices in these listings may limit the accuracy of 
market analyses.

5.2. Limitations and future perspectives

A key limitation of this study is its generalizability, as the findings 
from Turin’s real estate market may not directly apply to areas with 
different market dynamics. Nevertheless, the research offers valuable 
insights into the influence of EPC ratings on property values, with 
broader implications for the European context. Although the method
ology is specific to Turin, it serves as a blueprint for similar analyses 
elsewhere, demonstrating adaptability to diverse market conditions. The 
complexity of modeling property characteristics and sustainability fea
tures also underscores the need for further research using advanced ML 
and DL techniques. As sustainability grows in importance to consumers, 
understanding the evolving value of energy-efficient properties in 
various settings is crucial.

Another limitation arises from using asking prices rather than 
transaction prices. Asking prices reflect seller expectations, which may 

Fig. 8. Partial Dependence Plot (PDP) for property status estimated by GBM models.
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lead to overestimation of property values, thus introducing bias in 
assessing the impact of EPC ratings. For instance, asking prices could 
exaggerate the ‘green premium’ if sellers anticipate higher demand for 
energy-efficient homes, whereas transaction prices might reveal a more 
moderate effect. However, this study primarily focuses on relative trends 
and differences across clusters, maintaining the validity of the 
comparative analysis. Future research would benefit from access to 
transaction-level data to refine these findings.

Finally, although hierarchical clustering provides a robust method 
for market segmentation, significant potential lies in integrating GWR 
with ML techniques to address both spatial autocorrelation and market 
segmentation. Combining the localized insights of GWR with the pattern 
recognition abilities of ML could yield more refined models that capture 
the complex relationships between property values and their spatial 
determinants. This integration would allow for the simultaneous treat
ment of spatial heterogeneity and autocorrelation while leveraging ML’s 
predictive power. For example, after applying GWR to capture localized 
effects, the resulting spatially varying coefficients could be used as input 
for clustering algorithms like k-means, enabling more nuanced seg
mentation based on both spatial and non-spatial factors (Hu et al., 2022; 
Marmolejo-Duarte et al., 2020).

This framework could significantly improve the accuracy and reli
ability of the assessment of the effectiveness of EPC in different contexts, 
providing a holistic view of real estate dynamics in Europe. However, 
future research could explore these integrations to better address the 
complexity of spatially dependent real estate data and provide policy
makers with insights.
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Skovajsa, Š., 2023. Review of clustering methods used in data-driven housing market 
segmentation. Real Estate Manag. Valuat. 31, 67–74. https://doi.org/10.2478/ 
remav-2023-0022.

Taltavull de La Paz, P., Perez-Sanchez, V., Mora-Garcia, R.T., Perez-Sanchez, J.-C., 2019. 
Green premium evidence from climatic areas: a case in southern Europe, alicante 
(Spain). Sustainability 11, 686. https://doi.org/10.3390/su11030686.

Taltavull, P., Anghel, I., Ciora, C., 2017. Impact of energy performance on transaction 
prices. J. Europ. Real Est. Res. 10, 57–72. https://doi.org/10.1108/JERER-12-2016- 
0046.

Thackway, W.T., Ng, M.K.M., Lee, C.L., Shi, V., Pettit, C.J., 2022. Spatial variability of 
the ‘Airbnb effect’: A spatially explicit analysis of Airbnb’s impact on housing prices 
in Sydney. ISPRS Int. J. Geo-Inf. 11 (1), 65. https://doi.org/10.3390/ijgi11010065.

Tsai, I.C., 2022. Value capitalization effects of green buildings: a new insight through 
time trends and differences in various price levels. Build. Environ. 224, 109577. 
https://doi.org/10.1016/J.BUILDENV.2022.109577.

Ürge-Vorsatz, D., Herrero, S.T., Dubash, N.K., Lecocq, F., 2014. Measuring the Co- 
benefits of climate change mitigation. Annu. Rev. Environ. Resour. 39, 549–582. 
https://doi.org/10.1146/annurev-environ-031312-125456.

Vabalas, A., Gowen, E., Poliakoff, E., Casson, A.J., 2019. Machine learning algorithm 
validation with a limited sample size. PLoS One 14, e0224365. https://doi.org/ 
10.1371/journal.pone.0224365.

Valier, A., Micelli, E., 2020. Automated models for value prediction: a critical review of 
the debate. Valori e Valutazioni 24, 151–161.

Wang, X., Lu, M., Mao, W., Ouyang, J., Zhou, B., Yang, Y., 2015. Improving benefit-cost 
analysis to overcome financing difficulties in promoting energy-efficient renovation 
of existing residential buildings in China. Appl. Energy 141, 119–130. https://doi. 
org/10.1016/j.apenergy.2014.12.001.

Ward, J.H., 1963. Hierarchical grouping to optimize an objective function. J. Am. Stat. 
Assoc. 58, 236–244. https://doi.org/10.1080/01621459.1963.10500845.

Wiersma, S., Just, T., Heinrich, M., 2022. Segmenting German housing markets using 
principal component and cluster analyses. Int. J. Hous. Mark. Anal. 15, 548–578. 
https://doi.org/10.1108/IJHMA-01-2021-0006.
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